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The Charles Sumner School

More than any other school founded after the Civil War, the Charles
Sumner School served as the cornerstone for the development of educa-
tional opportunities for black citizens in the District of Columbia. The sig-
nificance assigned to its design and construction was indicated by the selec-
tion of Adolph Cluss as architect for the new building. In 1869, Cluss had
completed the Benjamin Franklin School; in 1872, he completed Sumner
School; and in 1873, he won amedal for “Progressin Education and School
Architecture” for the City of Washington at the International Exposition in
Vienna, Austria.

Dedicated on September 2, 1872, the new school was named in honor
of United States Senator Charles Sumner of Massachusetts, who ranked
alongside Abraham Lincoln and Thaddeus Stevens in leading the struggle
for abolition, integration, and nondiscrimination. Upon opening, the
Sumner building housed eight primary and grammar schools, as well as the
executive offices of the Superintendent and Board of Trustees of the
Colored Schools of Washington and Georgetown. The building also housed
a secondary school, with the first high school graduation for black students
held in 1877. The school also offered health clinics and adult education
night classes.

A recipient of mgjor national and local awards for excellencein restora
tion, Sumner School currently houses a museum, an archival library, and
other cultural programs that focus on the history of public education in the
District of Columbia.

Note: Cover photographs of the Charles Sumner School by David W. Grissmer
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Dedication

Dedicated to David W. Stevenson (1951-1998)
Senior Advisor to the Acting Deputy Secretary of Education, 1993-98

Thisbook is dedicated to the memory of David W. Stevenson. His under-
standing of theinterplay between basi ¢ research and education policy facilitated
the devel opment of this research seminar. From his early daysin the sociology
program at Yale, David began to develop a discipline-specific understanding
of the structural factors mediating social change. As he became moreinvolved
in controversial policy issues, he saw the necessity for more definitive empiri-
cal evidence in their resolution. In the continual efforts of the research and
policy communities, David’s perspective will continue to enrich conversations
about the direction of and appropriate methodologies for education reform.
We acknowledge, with this dedication, his memorable accomplishments and
our appreciation for hisinfluence on this research seminar.
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Foreword

Peggy G. Carr

Associate Commissioner

Assessment Division

National Center for Education Statistics

In November 1998, agroup of outstanding researchers and scholars gath-
ered at the Charles Sumner School in Washington, DC to explore
methodological issues related to the measurement of student achievement.
Within this broad topic, the research seminar aso focused more specifically
on the sharing of perspectives related to the black-white test score gap. This
sharing enabled the participants to compare their analyses and findings and to
recommend improvementsin data collection and analysisto the National Cen-
ter for Education Statistics (NCES). Thus, eventually this collegial exchange
promises to improve the utility of NCES data sets for policymakers in their
efforts to ensure both excellence and equity in American education.

Seeking deeper explanations of the test score gap isacritica first stepin
the process of ng student achievement more accurately. Toward that end,
the seminar demonstrated the need for NCES to pursue more aggressively the
development of concepts and methodologies that allow independent analyststo
unravel the causes of such gaps. Such an “unraveling” requires closer examina
tion of the complex interrelationshipsamong resource factors, homeand schooling
influences, family configurations, and achievement outcomes. Further, NCES
needsto place both cross-sectional and longitudinal datain abroader framework
and to explicate our findings within diverse social contextsin richer detail.

Thework of theAssessment Divisionin NCES, in particular, will benefit
from the development of more explicit constructs that allow better compari-
sons of achievement results without the confounding interpretations that
typically characterize conventional statistical presentations. For example, when
achievement discrepancies between blacks and whitesreveal different patterns
in the northern states as compared to southern states, what type of analysiscan
we conduct that would enlighten our understanding of these historical and
contemporary differences?
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This first seminar has reminded us of the value of having researchers,
scholars, and practitioners come together to advance knowledge in thefield of
achievement research and assessment. The collaboration of the sponsoring agen-
cies—NCES, RAND, and the Office of Educational Research and Improvement
(OERI) and itsAchievement I nstitute—with their different missions, exempli-
fies the desire to integrate discipline-based perspectives toward common
education reform goals. OERI and NCES acknowledge ongoing opportunities
to sponsor a series of research seminarsin order to ensure continued progress
toward improving education policies and practices on behalf of our children
and youth.

Seeking to engage a broader audience in this collegial exchange, NCES
has prepared this volume containing the papers originally presented at the
Charles Sumner School. The exchange of ideas among researchers and
policymakers remains important to NCES. Still, this publication does not nec-
essarily reflect the views of NCES or the policies of the U.S. Department of
Education. Rather, the papers included here represent the views of their re-
spective authors alone.
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Editors

Theideaof a“research seminar” where academic researchers could share
their current research findings with their federal counterparts took shape ini-
tially in early 1997. Ongoing discussions about the potential benefits of
collaboration among the National Center for Education Statistics (NCES),
RAND, and the National Institute on Student Achievement, Curriculum, and
Assessment (NISACA) gave rise over the next year to a conceptual structure.
A number of common interests were identified in the research and policy com-
munities: periodic updates on complex survey designs and multilevel types of
analysis. We went on to consider also our broader purposes. providing the
direction to research that will inform policy developmentsin education, gener-
ating wider awareness of education research, and stimulating the devel opment
of better educational theory.

Within NCES, new forms of collaborative exchange were discussed. The
one-day seminar received early support from Gary Phillips and Peggy Carr of
the Assessment Division. Sharif Shakarani, then of the Assessment Division,
hel ped to focus seminar offeringson NCESissuesin datacollection and analysis
and fostered further collaboration by endorsing the participation of the differ-
ent divisions in such a conference. Their understanding of the relevance of
research updates shaped the concepts under discussion toward NCES needs.
We are grateful, too, for Peggy’s strong and continuous advocacy and her fi-
nancia support for the seminar. We appreciate also the substantive support
offered by Holly Spurlock of theAssessment Division, whose careful and com-
petent assistance throughout the process proved invaluable to the eventual
success of the seminar. During this time, Daniel Kasprzyk, Director of the
Schools and Staffing Program of NCES, also provided critical financial and
moral support, and we remain grateful for his early commitment. The emerg-
ing plans for the seminar received support from Pascal D. Forgione, then
Commissioner of NCES, whose sentiments were always directed toward pro-
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viding the best research possible in the interests of assisting policymakers to
improve education.

As the planning progressed, Joseph Conaty of NISACA provided ongo-
ing insights in organizational support through his contacts with the academic
research community. For the critical collaborations he contributed to this en-
deavor, we express our continuing appreciation. Further, we acknowledge the
contributions of Marian Robinson, then an intern in Joseph’s office, now at the
Graduate School of Education, Harvard University, who smoothly executed
numerous details of planning for the seminar.

We would also like to thank Marilyn McMillen, Chief Statistician for
NCES, for broadening the base of participation in the seminar through the
provision of special funding to cover the travel expenses of graduate students.

The role of the Education Statistics Services Institute (ESSI) in further-
ing the broad research and development purposes of the seminar is also very
much appreciated. ESSI’s ability to facilitate “making the seminar happen”
made it possible for us to extend collaboration and consultation among all the
participating groups. Another colleague whose support was critically impor-
tant in the early stages of development is John Mullens, now of Mathematica
Policy Research, who worked on the project under the auspices of ESSI. John
offered substantive contributions to discussions about the importance and struc-
ture of the seminar, and then cheerfully took thelead in facilitating arrangements
among all the parties. Later, he played an important role in ensuring that the
early drafts of the solicited papers arrived in time for review before they were
distributed to seminar participants. The benefits of the seminar were enhanced
by John’s grasp of the issuesin research and policy and his facilitative skill.

Our appreciation for managing critical details extends to Bridget Brad-
ley, then a consultant with Policy Studies Associates and later Policy Analyst
in the Office of the Deputy Secretary of Education, who offered invaluable
logistical support to our effortsto plan the seminar. Her gracious manner comple-
mented her careful attention to making and monitoring arrangements, and we
thank her sincerely for her efforts.

We extend very special thanks to the organizing committee that had ma-
jor responsibilities for planning and staging the seminar, as follows: Peggy
Carr, Holly Spurlock, and Daniel Kasprzyk, aswell as John Mullens. We very
much appreciate the committee’s efforts, through the seemingly endless meet-
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ings, messages, and phone calls. Further, this committee, along with Brenda
Turnbull of Policy Studies Associates and Martin Orland of the Early Child-
hood and International Crosscutting Studies Division (ECICSD), also
participated in the detailed planning for the publication of the proceedings,
and we are indebted to them for their useful suggestions regarding major deci-
sions about this book. The benefits of their efforts on behalf of the seminar
should be seen for years to come, as NCES endeavors to ensure continuous
improvements in data quality and analytical methods.

On November 9, 1998 at the Charles Sumner School in Washington, DC,
the seminar took place with approximately 100 participantsin attendance. Titled
“Analytic Issuesin the Assessment of Student Achievement,” the research semi-
nar was jointly sponsored by NCES; the National Institute on Student
Achievement, Curriculum, and Assessment; and RAND, as we had planned for
so many months. The beautiful setting, the quality of the papers and the com-
mentary, and the collaborative and collegia nature of the day’s deliberations
were the fruition of the long process of preparation.

With appreciation, we acknowledge the “silent” reviewers of the early
drafts of the solicited research papers. Their early reviews increased the use-
fulness and applicability of the presentations and papers. These reviewers, in
addition to the editors, were Martin Orland, John Ralph, Dan Kasprzyk, Peggy
Carr, Joseph Conaty, and Holly Spurlock. Their work, though behind the scenes,
was an important contribution to the substance of the seminar, and we appreci-
ate their assiduous reviews.

Subsequently, the paperswere forwarded to the colleagues who had agreed
to serve asdiscussantsfor the seminar. SylviaJohnson (Professor of Education
at Howard University), Robert M. Hauser (Professor of Sociology at the Uni-
versity of Wisconsin-Madison), and Valerie E. Lee (Professor of Education at
the University of Michigan) undertook thetask of reviewing each pair of solic-
ited research papers representing the methodological and conceptual strands
of the seminar, seen herein Sections|, 11, and I11. Their comments enabled the
authors of the solicited papers to make further improvements in their works
before the seminar; then the discussants prepared their public responsesfor the
presentations made during the seminar. We remain grateful for their dedication
to this time-consuming task that benefited all seminar participants.

Similarly, we offer our appreciation to Marshall S. Smith and Christo-
pher Jencks, whose presentations lifted our attention from such narrow topics
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as sampling design and dataset linkagesto take a broader look at the effects of
past analytical methods upon socia scientists' understanding of achievement
disparities and to share insights into how those understandings have played a
role in the development of new education policies. Smith and Jencks, each in
his own way and from his own perspective, explained the vagaries of educa-
tion research since “the Coleman report” and went on to describe the usefulness
of better data collection and analysis and of better theories and models.

Further, we acknowledge with appreciation the assistance of Joseph
Conaty, John Ralph, and Martin Orland as moderators for the discussions dur-
ing the seminar, as well as the participation of the seminar attendees (listed in
the appendix), whose comments enriched the discussions and, therefore, the
overall outcomes of the seminar.

Following the event, we made the decision to edit the proceedings for
publication, recognizing the far-reaching implications of the discussions for
NCES and desiring to extend the insights to a broader audience. Even more
ambitious were our later decisions to include the Introduction and the fourth
section, Policy Perspectives and Concluding Commentary. It wasfortunate that
Anne Meek of ESS| was available for the tasks that these decisions required.
Asaprofessional editor working closely with us, Anne ensured both the comple-
tion of the book and itsinternal coherence. We acknowledge with appreciation
her grace and her sense of humor throughout the process of preparation.

In the preparation of this book, special thanks are due to Ron Miller of
RAND for the design of the cover of the book (which incorporates a photo-
graph by David Grissmer). We al so acknowl edge the assi stance of staff at ESSI
who prepared the proceedingsfor publication, asfollows: AllisonArnold, Mariel
Escudero, Anne Kotchek, Qiwu Liu, Jennie Romolo, and Jennifer Thompson.
We thank them for their attention to detail and their technical skills, which
have greatly improved this book for use by researchers, policymakers, and
educators.

The persons named here have provided varied kinds and level s of support
for the seminar and for the production of this book, and we are pleased to
acknowledge our debt to each of them. However, the final responsibility for
this publication rests with us, and any remaining deficiencies are solely our
responsibility.
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Toward Heuristic M odels of Student
Outcomes and M ore Effective
Policy Interventions

C. Kent McGuire
Assistant Secretary
Office of Educational Research and I mprovement

In November 1998, in the research seminar commemorated herein this
volume, a diverse community of scholars and researchers paused amidst their
heavy schedules to turn their attention to a questioning of their methods of
conducting empirical inquiries. Taking stock of a body of work is, of course,
commendable for a professional group. It is always instructive to learn from
one another and to consider how to better our efforts; and this seminar pro-
vided ample opportunity for such learning and consideration along severa
dimensions.

The seminar, however, went beyond the normal technical matters that
education researchers typically discuss on such occasions. Rather, the gather-
ing aso shed light on research and policy issues, especialy the continuing
efforts to improve the performance of American education, to enhance greater
educational equality of opportunity, and to understand the sources of continu-
ing race-ethnicity achievement discrepancies. These larger purposes are, after
all, thereasonswe collect and analyze datain thefirst place and the reasonswe
search for improvement in our methods of data collection and analysis.

That the deliberations took place at the Charles Sumner School was es-
pecially appropriate for the Office of Educational Research and Improvement
(OERI). Sumner School, now restored and an architectural treasure of great
beauty, has long served as an important symbol of minority education. In this
setting, we were surrounded by a particularly fitting sense of history for this
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discussion of both the means for measuring student achievement and the rea-
sons for doing so.

The deliberations were enriched by multiple disciplinary perspectives.
Theresearch seminar included sociol ogists, economists, and education research-
ers, both new and more established researchers, and federal policymakers, all
of whom shared their insightswith each other. That is, researchers from differ-
ent disciplines and methodological backgrounds commented on each other’s
analyses and listened to each other’s recommendations, and federal
policymakers provided their perspectives on the role of research and the im-
portant questions that must be addressed. In short, the seminar provided an
enlightening forum for the exchange of perspectives and research findings, as
participants contributed their particular expertise to discussions about the mea-
surement of achievement and the contribution of education research to the
improvement of schooling.

Of particular importance are some new insights in the understanding of
racial and ethnic differences in student achievement. Such differences were
first brought to our attention nearly 30 years ago by “the Coleman report,”
when the nation began to move equality of educational opportunity to its en-
during place on the nation’s agenda. Since then, we have come to understand
much more about the variables associated with both high and low achieve-
ment—not nearly as much we would like to know but certainly more than we
once knew. And OERI has always hoped to play a pivotal rolein the empirical
examination of these questions.

Over the past 10 to 20 years, the federal government has been improving
its data collections, and a wide array of analyses continue to be conducted to
move our understanding beyond Coleman'’s findings. These continued adjust-
ments and processes have helped us to understand the complexity of what we
aretrying to measure and what we are trying to change. A brief synthesisof the
papers solicited for this seminar will serveto illustrate the details of different
data sets and, at the sametime, help us to understand the systemic obstacles to
changesin educational policies.

The papers are organized under three major divisions: (1) Using Experi-
ments and State-level Data to Assess Student Achievement, (2) Using
Longitudinal Data to Assess Student Achievement, and (3) Relating Family
and Schooling Characteristics to Academic Achievement. The last major divi-
sion, (4) Policy Perspectives and Concluding Commentary, presentsimportant
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observations about research methodol ogy and funding and the connections be-
tween research and policy, both with a retrospective view and a view toward
the future.

Using Experiments and State-level
Data to Assess Student Achievement

Inthefirst essay, Stephen Raudenbush characterizesthe state proficiency
means from the Trial State Assessment of the National Assessment of Educa-
tional Progress (NAEP) as “difficult to interpret and misleading.” It is their
multidimensionality that makes proficiency scores difficult to interpret: they
may look simple at first glance, but actually they reflect many factors—stu-
dent demographics, school organization and processes, and state policy
influences. Raudenbush discusses his multilevel analyses that compare states
on their provision of student resources for learning. Not surprisingly, he finds
that socially disadvantaged students and ethnic minority students (particularly
African American, Hispanic American, and Native American) are significantly
lesslikely than other studentsto have access to advanced course-taking oppor-
tunities, favorable school climates, highly educated teachers, and cognitively
stimulating classrooms. He also finds substantial variation across statesin the
extent of inequality in access to such resources. Such findings point, as he
said, toward “ sharply defined policy debates concerning waysto improve edu-
cation.”

Grissmer and Flanagan speak from a different but equally illuminating
perspective. Their major focus, fueled by concerns about inconsistency in re-
search results, is the lack of consensus across the broad and multidisciplinary
research communities in educational research. In many respects, of course,
this lack of consensus has been inevitable, given the different research per-
spectives; the varied points of view expressed by researchers, policymakers,
and practitioners; and the inherent complexity of education. Grissmer and
Flanagan believe, therefore, that improvements in data collection and statisti-
cal methodologies, by themselves, are not sufficient to bring about the kind of
consensus needed to effectively guide educational policies. Thirty years of re-
search with nonexperimental data have led to almost no consensus on important
policy issues, such asthe effects of educational resources and educational poli-
cieson children and the impact of resources on educational outcomes. Further,
they propose to guide the process of creating consensus through the devel op-
ment of astrategic plan, which would enable experimentation and datacollection
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to provide the quality of data necessary for theory-building and also improve
the specifications of models used in nonexperimental analysis.

Grissmer and Flanagan therefore recommend three approaches likely to
lead to consensus: increasi ng experimentation, building theories of educational
process, and improving nonexperimental analysis. They suggest that experi-
ments have two main purposes: they provide the closest-to-causal explanations
possible in the socia sciences, and they help to validate model specifications
for nonexperimental data. They present detail ed discussions of important policy
issues and the findings of research, including critical analyses of the “money
doesn’'t matter” issue and the issue of the effects of resources on achievement,
with examples from the many ways researchers have addressed these ques-
tionsover theyears. They also provideinsight into such efforts asthe Tennessee
class size experiment, the use of NAEP scores and SAT scores, and new meth-
ods of analyzing education expenditures.

In addition to making some methodol ogical recommendations, Grissmer
and Flanagan explain the process of theory-building cogently and clearly. To
advancetheory-building, they advocate linking the disparate and isolated fields
of research in education, for example, linking the micro-research on time, rep-
etition, and review with the research on specific instructional techniques,
homework, tutoring, class size, and teacher characteristics. Further, to enhance
the development of modeling assumptions, they recommend linking the re-
search on physical, emotional, and social devel opment, differencesin children,
delaysin development, and resiliency factors. Their suggestions for improve-
ments encompass the need for experiments, improvements in NAEP data such
as collecting additional variables from children, and supplemental data from
teachers, among other things. All in all, their paper offerstimely and thought-
provoking views about the research community’s next steps in improving
theories of education and models of research, so that eventually the nation can
indeed achieve its desired goals in education.

Using Longitudinal Data to Assess
Student Achievement

Next, Meredith Phillips offers a number of convincing and far-reaching
observations about improving methods of data collection and analysis, espe-
cialy in efforts to understand ethnic differences in academic performance.
Perhaps most relevant is her observation, echoed by other presenters, that we
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must study ethnic differences explicitly despite their political sensitivity. She
explains that socioeconomic factors do not overlap with ethnicity as much as
researchers have traditionally assumed. Ethnic differencesin learning vary be-
tween the school year and the summer; therefore, the importance of collecting
data in both spring and fall of each school year should be a major point of
empirical queries. Further, since the test score gap widens more during el-
ementary school than during high school, and children’stest scores appear less
stable during elementary school than during high school, Phillipsalso callsfor
focusing more surveys on elementary students rather than on high school stu-
dents. Of particular interest is her assertion that we have learned little about
ethnic differences because researchers have not adequately studied education
outside of theformal institution of schooling. Measuring the cognitive skills of
infants and toddlers prior to their entry into school could help to clarify ethnic
differencesin family influences on achievement. Phillips concludes by remind-
ing us that “it is not logically necessary to understand the causes of a social
problem before intervening successfully to fix it.” To those who bear responsi-
bility for the improvement of American education, this reminder is somewhat
comforting, in view of the breadth and depth of recommendations made by
this network of researchers and scholars.

Ferguson and Brown then discuss the relationship of teacher quality to
student achievement, in particular, the relationship of teachers certification
test scoresto students’ test scores. The evidence they have assembled suggests
that the black-white test score gap among students reflects a similar test score
gap among teachers. From severa studies, they cite findings suggesting that
“teachers’ test scores do help in predicting their students’ achievement.” For
exampl e, scores on the Texas Examination of Current Administratorsand Teach-
ers (TECAT) turned out to be strong predictors of higher student reading and
math scoresin school districts across the state. Ferguson and Brown explicitly
make the point that ensuring well-qualified teachers in districts where minor-
ity students are heavily represented is “part of the unfinished business of
equalizing educational opportunity.” In Alabama, certification testing reduced
entry into teaching by candidates with weak basic skills and consequently nar-
rowed the skills gap between new black and white teachers. Since the rejected
candidates would probably have taught disproportionately in black districts,
Ferguson and Brown suggest that the policy of initial certification testing is
probably helping to narrow the test score gap between black and white stu-
dents in Alabama. Predictive validity has not yet been used as a criterion for
validating such exams; still, Ferguson and Brown contend that policymakers
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can safely assume a positive causal relationship between students’ and
teachers’ scores.

Relating Family and Schooling Characteristics to
Academic Achievement

Brewer and Goldhaber offer additional insightsinto the relationship of stu-
dent achievement and teacher qualifications, based on their analyses of datafrom
the Nationa Education Longitudinal Study of 1988 (NEL S:88). Their linking of
student-teacher-class elementsin NEL S:88 permitted these researchersto inves-
tigatethe effects of specific classsize, teacher characteristics, and peer effectson
student achievement, through the use of multivariate statistical models. The
NEL S:88 dataenabled theresearchersto link studentsto their particul ar teachers
and specific courses. In their analyses, they find that subject-specific teacher
background in math and science is positively related to student achievement in
those subjects, as compared to teachers with no advanced degrees or with de-
greesin non-math subjects. They did not seethis pattern repeated in English and
history. Nor did they find positive effects on achievement associated with teacher
certification or years of teaching experience.

While encouraged by the recent improvements in data collection exem-
plified by NEL S:88, Brewer and Goldhaber make pertinent recommendations
for future data collections. Seeing the link between students and teachers as
critical, they strongly recommend that such links not only be maintained, but
also strengthened by the collection of additional data about teachers back-
grounds. Specifically, they suggest the addition of teacher test scores, theyears
that teachers obtained their licenses, and the states where they were licensed.
Such data would be quite useful now and in the future, since policymakersin
many states have recently overhauled or are considering changing licensure
and/or teacher preparation requirements.

Brewer and Goldhaber point out that items relating to student, parent, and
teacher beliefs, attitudes, and feelings could be omitted from data collections,
since policymakers can only indirectly affect these. Further, they raise the ques-
tions of de-emphasizing the collection of nationally representative samples or of
sampling fewer school swith more data.on students and classesin asmaller num-
ber of schools. Brewer and Goldhaber are seeking the data quality necessary for
the use of multivariate statistical models, because researchers find such models
most persuasive in tackling important policy questions. Brewer and Goldhaber
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clearly state their belief that the “ ultimate reason to collect datais to influence
public policy in a positive way,” a perspective that supports the continued im-
provement of data collection and methods of analysis.

Finally, in their investigation into school-level correlates of student
achievement, McLaughlin and Drori report linking three sources of data: (1)
data from the Schools and Staffing Survey (SASS) regarding such school and
background factors as school size, class size, normative cohesion, teacher in-
fluence, student behavioral climate, teacher qualifications, and the like; (2)
student achievement data from statewide assessments; and (3) data from the
1994 State NAEP fourth grade reading assessment in public schools. These
researchers constructed a set of 18 composites of data on student background,
organizational aspects, teachers' qualification, and school climate perceptions,
then merged them with school reading and mathematics mean scores.
McLaughlin and Drori analyzed the relationships of various school organiza-
tional factors to student achievement, hoping to elicit evidence on the
correlations between school reform policies and achievement. An important
finding is that reading scores were higher in schools with smaller class sizes.
Thisfinding was consistent across grade levels. Another interesting finding is
that middle and secondary schools in which teachers perceive that they have
more than average control over classroom practices and influence on school
policies tend to be schools in which mathematics scores are higher.

Perhaps more exciting than their findings, however, is the methodol ogy
McLaughlinand Drori employed and its potential for identifying effective school
policies. Teasing out the correlates of student achievement through such link-
ages of databasesisapromising venuefor researchersand policymakers alike,
especialy since anumber of states are turning to reforms that establish conse-
guences for schools based on their gainsin achievement over years.

Policy Perspectives and Concluding Commentary

Midway through the seminar, Marshall S. Smith engaged seminar par-
ticipants in a retrospective look at past policy efforts to monitor and mitigate
the discrepanciesin black-white achievement scores. In his paper, he discusses
possible explanations for the status of the gap at various points in time and
concludesby reviewing current policy directionsthat promise further improve-
ments in student achievement and recommending increased attention to
experimental field trials.
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Smith describes the reductions in the black-white achievement gap from
1971 through 1988, as seen in data from NAEP assessments, referring to a
paper that he and Jennifer O’ Day published in 1991, which reviewed policy
initiatives and changes in student achievement 25 years after the Coleman re-
port. Smith, who was at that time dean of the graduate school of education at
Stanford University, pointed out in his presentation that these reductions re-
flected consistent and substantial increasesin black scoresand almost no change
in white scores. In less than 20 years, the reduction in the achievement gap
between black and white students was 33-50 percent in reading and 25-40
percent in mathematics, according to NAEP data.

Smith summarizes several tentative explanationsfor thisreduction in the
gap, which occurred between 1971 and 1988, which he and O’ Day had first
discussed in their paper. They had recognized, first, the large decrease in the
percentage of black children living in poverty: from 65 percent in 1960 to 42
percent in 1980. Ancther highly plausible explanation was that preschool at-
tendanceincreased substantially for low-income children. Further, Smith notes,
the educational quality of schoolsfor black studentswas dramatically enhanced
with the dismantling of the old dual school system. In addition, the effects of
Title l—while difficult to assess by numbers alone—included an increase in
educational resources in schools, lower class sizes, and an emphasis on the
basics of reading and mathematics. And, as Smith reiterated during the semi-
nar, Title | also served to focus national attention on the needs of low-income
students, many of whom were African American.

Smith reminds seminar participants that he considered the basic skills
movement an influencein reducing the achievement gap at the secondary level
during this period. After all, by the mid-1980s over 33 states had required
students to pass a minimum competency test asacriterion for graduation. The
resulting instructional emphasison basic skills, combined with the“ high stakes”
tests, produced the focus and coherence in the curriculum needed for improv-
ing student achievement.

Smith goes on to speculate that, by 1990, the effects of the factorsidenti-
fied by him and O’'Day had begun to diminish in their influence and that,
therefore, the gap between black and white students’ test scores was no longer
continuing to narrow. Thus, the current task for policymakers has become to
identify and implement policy ideas that promise to continue the process of
reducing the gap initiated in prior decades. Thistask meansthinking hard about,
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and also building upon, the interventions that brought about the earlier im-
provements in achievement.

Smith describes three magjor objectives at the federal level designed to
support efforts to improve education in general and also to reduce the gap.
The first is to create overall conditions as stable and livable as possible for
all familieswith children. Smith cites, as effortstoward this objective, recent
sustained economic growth and specific policies such as the Earned Income
Tax Credit and the Children’s Health Insurance Plan. The second objectiveis
to expand educationally rich opportunities for all students beyond typical
school schedules. As specific examples Smith lists the development of edu-
cation standards for the Head Start curriculum, the expansion of Head Start
enrollment, and increased services through the 213 Century After-School
Program. The third is to encourage state and local standards-based reforms.
Toward this end, federal programs such as Title | and Goals 2000 have been
aligned to support the state reforms.

Standards-based reform, considered one of Smith’s major contributions
to education policy, in effect extends the basic skills movement to a much
broader scope, with all children expected to attain the higher content and per-
formance standards, not just basic skills. Even at such an early date asthis, itis
worth examining the promise of such reforms by looking at outcomes within
the states. What have been the test score results in states with focused and
coherent strategiesin their standards-based reforms? Using NAEP data, Smith
findsencouraging resultsin those states—especially North Carolinaand Texas—
with relatively challenging standards, curriculum-aligned tests, accountability
provisions, extensive teacher training, and special efforts on behalf of low-
scoring students. It isapparent that, for whatever reasons, some states are doing
very well in their efforts to improve student outcomes, while others are not.
Therefore, policymakers are obliged to consider very carefully the evidence
about interventions that promise to lead to improved student performance.

Moving to a prospective view, and building a case for increasing experi-
mental efforts, Smith cites the strength and authority of such studies as the
Tennessee class size study and those on early reading acquisition at the National
Ingtitute of Child Health and Human Development (NICHD). He identifies sev-
era areas where policy development could well be more adequately informed
through such studies; for example, methods of incorporating technology into class-
rooms, the effects of summer school, and replicationsof the NICHD studies. Smith
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argues eloquently for increasing the use of experimental field trias in education
research and suggests that alist of recommendations for consideration for the re-
search agenda at the Department of Education might come from the seminar.

Indeed, as Christopher Jencks pointed out in his presentation, for those
who believe that educational policy should be based upon amore solid eviden-
tiary structure, the current shortage of any type of randomized field trials in
education policy represents perhaps the greatest challenge facing education
policymakers and researchers alike. More pointedly, of course, OERI faces
this challengein designing a course for its own research agenda. According to
Jencks, a major advantage of experimental studies is that the more persistent
and difficult policy questions can be answered more definitively by the inclu-
sion of randomization procedures at the school and classroom levels. These
questions cannot be answered by improved data collections, more complex
surveys, or more refined statistical methods alone. Critical policy questions
such as the debate over ability grouping can be intensely controversial; and to
resolve such questions by randomized field trials would still entail some un-
avoidable political fallout, no matter how definitive the findings.

Then, too, Jencks notes that the idea of randomized trials is rarely ac-
cepted within the field of education research. There are a number of practical
obstaclesto utilizing experimental methods: they inevitably change established
school routines, since they necessarily include randomization of students or
teachersto different schoolsor classes. It might be possible to convince educa-
tors that such procedures would constitute a small price to pay, given the very
useful information to be gained, if only the researchers themselves strongly
supported experimental studies. Jencks notes, however, that most education
researchersare typically unenthusiastic about randomized experiments. In fact,
he contends that most researchers now have limited knowledge of classic ex-
perimental studies.

Still, Jencks insists that the advantages of randomized field trials to
policymakers are large and attractive. The first advantage lies in the knowl-
edge to be gained from wider use of experimental methods; the second, in the
clarity of understanding that results from these intuitively obvious methods. A
legislator or a school board member, for example, can follow the logic of the
Tennessee class size experiment, understand how the results were eval uated,
and see why the results are consistent with what researchers say they mean.
Nevertheless, Jencks is not suggesting that we abandon descriptive types of
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research proposals. On the contrary, surveys and experiments complement one
another, each yielding valuabl e results necessary for providing the data neces-
sary for policymaking. But the present dearth of experiments sounds awarning
to OERI and highlights an imperative need for the next few years.

Indeed, with such different perspectivesand challenging viewpoints brought
to bear on asingle topic, many possible directions were identified for the future
work of NCES and OERI. Throughout the seminar, presenters and participants
were persuasivein their descriptions of the necessity of complementing longitu-
dina survey data with data collected in the classical research design tradition
such as the Tennessee class size experiment. Their praise for renewed consider-
ation of experiments made thisissue the predominant theme of the seminar, and
one with far-reaching implications for the sponsors of the event.

Taking stock of our empirical methods—more or |less the primary reason
for organizing the seminar—yielded a second theme in the comments from
presenters and participants. This theme was seen in the abundance of propos-
als for improvements in the design and analysis of data collections, including
ways of making longitudinal studies more elaborate; suggestions about the
addition or deletion of certain types of items on surveys, sampling more stu-
dents per teacher; collecting longitudinal data more frequently; and gathering
more measures of teacher quality. Implicit in many of the recommendationsis
theideaof morecritical evaluation of the utility of variablesand methodsin all
NCES surveys, whether longitudinal or cross-sectional, in order to design bet-
ter surveysin thefuture. These suggestionstranslate into serious considerations
for OERI and NCES as they move forward with new assessments of student
achievement, as well aswith all other surveys and analyses.

Last but by no means least, seminar participants emphasized the impor-
tance of communication among the different research disciplines. They referred
specifically to the power of experiments to communicate effectively with
policymakers and other researchers. They expressed appreciation for the semi-
nar as a good example of such communication and recommended more such
opportunities. The value of the seminar can easily be seen in the broad, data-
based dialogue among researchers about the choices facing NCES and OERI
and presented in this book. Suggestions were made to open the door to new
partnerships among federal, state, and private researchers and to establish con-
nections between state-based researchers and federal researchers. Interestingly
enough, repeated references to the benefits to be gained from openness to a
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variety of audiences constituted a sub-theme of the seminar. Communication
is, after all, an essential component of building consensus among researchers,
scholars, and policymakers.

In short, the exchanges of this seminar promise researchers and
policymakers alike that racial and ethnic differences in achievement can be
explored more effectively than at present, that schools can continue to move
toward equality of educational opportunity, and that progress toward the im-
provement of American education requires our continued communication,
collaboration, and commitment. It is now our task to translate our knowledge
into improved policies and practices in education for the benefit of our chil-
dren and our nation.
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Synthesizing Results from the
NAEP Trial State Assessment
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School of Education and Survey Research Center
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During the past two decades, U.S. researchers, policymakers, and jour-
nalists have expressed concern that the nation’s schools are failing to prepare
studentsto meet the demands of the modern global economy. Researchers have
interpreted international assessments as revealing serious weaknessesin math-
ematics and science proficiency (see, for example, Beaton et al.1996; Medrich
and Griffith 1992; NCES 1995, 230-231). Although such claims can be strongly
contested (c.d., Rotberg 1998), they support a broader climate of malaise, and
even crisis, concerning the performance of U.S. schools.

In this climate, calls for reform and accountability at every level of the
education system have taken on greater urgency. The stakes are often high:
studentsin Chicago must pass a citywide test to be promoted to the next grade;
studentsin Michigan can obtain endorsed diplomas only by passing the state’s
proficiency test; teachers with high-scoring classrooms can obtain cash re-
wards in some districts; and school principals are held accountable for school
mean achievement.

For comparisons at the state level, the key source of dataisthe Trial State
Assessment (TSA) of the National Assessment of Educational Progress (NAEP),
“the Nation's Report Card” (c.f., Mullis et a. 1992). Administered every two
years (though in different subject areas at each administration), TSA enables
cross-sectional comparisons among participating states in several subject ar-
easat several gradesand allows estimation of trendsin student mean proficiency
over time. Participation has grown to include more than 40 states and U.S.
territories. But what are we to make of such comparisons between states?

Most “users’ of the TSA would like to view state proficiency means as
reflecting the effectiveness of educational provision, policy, and practice within
each state. If so, TSA would provide direct evidence of the quality of each
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state's educational system. Talking to those involved in reform, for example, |
have found it common to view California’s performance on TSA in certain
subject areas as direct evidence of thefailure of reform in that state. Yet even a
cursory examination of TSA data reveals that state demographic composition,
including poverty levels and ethnic composition, is strongly associated with
state mean proficiency—and state trends in proficiency are undoubtedly asso-
ciated with state trendsin demography. Thus, critics claim that state means are
surrogates of demography more than indicators of educational effects. This
criticism has led to many calls for statistical adjustment of state means on the
basis of student social and ethnic background. Indeed, it is possibleto compare
states within strata defined by ethnic background and parental education (asin
Mullis et a. 1992), but such within-stratum comparisons control background
differences only roughly and do not take into account the extent to which
a school’s demographic composition creates a context affecting student
performance.

The National Assessment Governing Board, which provides policy di-
rection to NAEP, has resolutely rejected the notion of reporting statistically
adjusted state mean proficiency. Board members fear that adjustments for stu-
dent background will lower expectations for school systems serving
disadvantaged students. There are also sound statistical reasonsto be skeptical
about adjustments. Suppose, for example, that we use aregression anaysisto
compute state mean residuals, that is, discrepancies between the actual state
means and the means expected on the basis of student composition. Such re-
siduals have often been interpreted as indicators of the “value added” by the
schooling system. Yet, if the regression model fails to include key aspects of
educational policy and practice, the estimates of the association between stu-
dent composition and outcomes will be biased. The bias would arise because
the quality of educationa provision and student composition would be posi-
tively correlated, with the most advantaged students tending to be found in the
schoolswith the most favorabl e resources, policies, and practices. Failing, then,
to control for the quality of educational provision will inflate estimates of the
contribution of student demography. Thisinflation, in turn, will lead to biased
“value added” indicators. The result is an over-adjustment for demography,
such that systems serving the most advantaged students will tend to look less
effective than they are. However, the magnitude of the over-adjustment isim-
possible to assess in the absence of data on the quality of school policy and
practice (see Raudenbush and Willms [1995] for athorough discussion of this
problem in the context of school evaluation).
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Interpretation of state proficiency meansisthusterribly risky. We cannot
equate unadjusted state mean proficiency with educational effectivenessas many
reformers wish, yet adjusted means set up low expectations for states serving
poor students and are statistically untrustworthy.

The problem of interpreting the results of the TSA frames the pair of
investigations | shall discuss in this paper.! The debate over the meaning of
state mean proficiency reflects alongstanding debate about the sources of in-
equality in academic achievement in the United States. If inequality in family
background isthe key to inequality in educational outcomes, theninequality in
aggregate family background ought to be key to understanding differencesin
state achievement means. On the other hand, if inequality in school quality is
key to understanding inequality in individual outcomes, then aggregate school
quality ought to explain state variation. Fortunately, NAEP provides some rea-
sonable data at the level of both the student and the school to test these
propositions.

Our first investigation, then, tested models for student math proficiency
within each of the participating states of TSA. Thismay belikened to a“ meta-
analysis’ in which each state’s data provide an independent study of the
correlates of math proficiency. We examined student social, ethnic, and lin-
guistic backgrounds, and home educational resources as predictors of student
proficiency. Yet our models simultaneously included indicators of educational
quality: course-taking opportunities, school climate, teacher qualifications, and
cognitive stimulation in the classroom. Our findings, reasonably consistent
across states, supported both the “home effects’ and the “ schooling effects’
explanations. the hypothesized explanatory variables related to student out-
comes as expected. This exercise may be criticized as merely recapitulating

1 The research reported here was funded by the National Assessment of Educational
Progress Data Reporting Program of the National Center for Education Statistics (NCES)
under a grant to Michigan State University. The views expressed herein do not represent
the position of NCES. This paper summarizes and discusses findings from two papers:
“Synthesizing Results from the Trial State Assessment,” to appear in the Journal of
Educational Satistics; and “Inequality of Accessto Educational Opportunity: A National
Report Card for Eighth Grade Math,” Educational Evaluation and Policy Analysis, 20(4),
253-268. Authors of both papers are Raudenbush, S.W., Fotiu, R.P,, and Cheong, Y.F. |
wish also to thank Marcy Wallace for administering the many tasks associated with the
analysis and Zora M. Ziazi for her work on data analysis.
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decades of educational research, and not even with the best available data.? Yet
TSA does offer the opportunity to compare results across states, for it is the
only data set that contains alarge, representative sample of studentsin each of
many states.

Perhaps more importantly, the analyses within states bears directly on
controversies surrounding accountability at the state level. Our key finding
wasthat, while states vary substantially in unadjusted proficiency means, once
we control for NAEP indicators of student background and educational qual-
ity, nearly all of the state variation vanishes. Thismakes sense, in that state-level
policies (e.g., regulations, incentives, and aid) can presumably affect student
outcomes only by affecting specific educational resources and practices at a
more local level, i.e., within schools and classrooms. If those local resources
and practiceswerefully controlled in our models, there would be no direct role
for state policy to affect student achievement.

Yet once we verify that state differences almost entirely reflect variation
in measurable aspects of student background and school quality, our focus
logically shifts to these “correlates of proficiency.” In particular, state differ-
ences in correlates of proficiency that can be manipulated by policy become
especially salient. Thisled to our second investigation: astudy of state-to-state
variation in the provision of key educational resources, in particular those re-
sources found consistently related to student outcomes across states.

We were especially interested in equality of accessto those resources as
afunction of student social and ethnic background. Our logic was as follows:
having found what many prior studies have found, i.e., that socially disadvan-
taged and ethnic minority students are at high risk of poor performance, we are
inclined to ask about the extent to which these students have access to key
resources for learning.

Our results were again not surprising, but nonetheless disconcerting: so-
cially disadvantaged students and ethnic minority students (particularly African
American, Hispanic American, and Native American students) are significantly
lesslikely than other students to have accessto favorable course-taking oppor-

2 The cross-sectional data of the TSA do not enable the degree of control for prior student
achievement that is possible in alongitudinal study such as NELS. Moreover, NAEP
indicators of educational policy and practice are not nearly as refined as are those in
NELS.
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tunities, school climates, qualified teachers, and cognitively stimulating class-
rooms. However, what is new and perhaps uniqueis a second finding based on
TSA: the degree of social and ethnic inequality of access to resources varies
substantially by state. Thisfinding led usto propose a novel “report card” for
states based not on mean outcomes, but rather on the extent to which the schools
in astate provide key resources for learning. Moreover, our report card allows
examination not only of state differences in overall access to these resources,
but also state differences in the extent to which access is equitable as a func-
tion of socia background and ethnicity.

These analyses, while fruitful in our view, also reveal important limita-
tions in data provided by the TSA. These limitations are not so much on the
outcome side, where most attention has focused on the construction of NAEP,
but rather on the input side. Indicators of student background and especially of
key educational resources are currently quite limited inthe TSA. For example,
student socioeconomic status is indicated by parental education in our analy-
ses. Indicators of parental occupation, income, eligibility for free lunch, and
census-based indi cators of neighborhood demographic condition, housing, etc.,
are absent. Regarding school-level organization, NAEP includes indicators of
disciplinary climate, but no indicators of staff cohesion, control, and expecta-
tions, or of academic press. Indicatorsof cognitive stimulation in the classroom
are few and do not constitute ameaningful or reliable scale. Hence, we settled
on asingle indicator: emphasis on reasoning during math instruction.

Given the limitations of NAEP indicators of student background, school
organization, and instruction, our finding that NAEP indicators can account
for nearly all the variation between states was a pleasant surprise. A more
refined set of indicators would, however, provide more useful information to
thosewho wishto use TSA, not just to “take the temperature” of the states, but
to identify specific targets and strategies for interventions aimed at reducing
inequality and thereby improving overall levels of student proficiency.

In the following pages, | aim first to sketch briefly the longstanding de-
bate over sources of educational inequality and its implications for
accountability at the state level. Second, | describe the first phase of our inves-
tigation: the modeling of student proficiency within states as a function of
student background and educational resources. Third, | report results of our
second investigation, which focuses on student access to key educational re-
sourcesin the participating states. A sub-themein the description of each phase
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involves challenges of analysis and measurement that also have important im-
plications for future summaries and uses of datafrom the TSA.

Home and School Differences As Sources of State
Inequality in Mathematics Proficiency

The debate about how to interpret the results from the TSA mirrors the
longstanding debate about home and school sources of inequality in student
outcomes. Social and ethnic inequality in achievement constitutes a trouble-
some and enduring aspect of schooling in the U.S. Large achievement gaps
between students of high and low socioeconomic status (SES) and between
European American students, on the one hand, and African American and/or
Hispanic students, on the other, have been verified in every major national
study of secondary students, beginning with Coleman et al. (1966). Yet re-
searchers have offered contrasting explanations for such inequality.

Home Environmental Inequality

From one standpoint, the school is an essentially neutral learning envi-
ronment passively allowing sharp inequality in home circumstancesto translate
into similar inequalitiesin learning outcomes. Families have long been known
to vary substantially in their capacities to provide educational
environments that foster school readiness and reading literacy (Fraser 1959;
Wolf 1968). Such differences are linked to socia status indicators, including
income, parental occupation, and parental education (Coleman et al. 1966;
Peaker 1967). Parents of high social status are more likely than parents of low
social statusto have the resources and skills needed to support their children’s
academic learning.

If this explanation were completely sufficient to understand observed
achievement gaps, variation in student achievement between schools would
simply reflect the varied home environments of students attending those schools.
Policy interventions aimed at increasing equity might focus primarily on early
interventions such as Head Start and on providing support for the families of
the most disadvantaged children. Interventions at the classroom or school lev-
els, though perhaps laudable for increasing mean achievement, would hold
less promise for reducing inequality.
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School Environmental Inequality

From an entirely different standpoint, schools are a much more active
force, subjecting essentially similar children to dramatically different learning
experiences and thereby actively recreating in each new generation a wide
intellectual inequality that conforms to the wide inequalities in earnings and
occupational prestige. Clear expositions of this view appear in Ryan (1971),
Bowles and Gintis (1976), and Kozol (1991). Tracking (Oakes 1985, 1990),
differential teacher expectations (Rosenthal and Jacobson 1968; Rist 1970),
and varied school ethos or climate (Rutter et al. 1979), course requirements
(Leeand Bryk 1989), teacher subject matter and pedagogical knowledge (Finley
1984; Rosenbaum 1976), and level of cognitive stimulation in the classroom
(Page 1990; Rowan, Raudenbush, and Cheong 1993) are aspects of the school-
ing system often viewed as fostering unequal opportunity and outcomes.

If inequality of schooling were the sole determinant of inequality of edu-
cational outcomes, inequality in school mean achievement would reflect school
differences in policy and practice. Not surprisingly, those who have empha-
sized the school as a causal agent in creating educational inequality, while
often endorsing compensatory educational policies, have called for sweeping
structural reformsin the provision of schooling. Theseinclude the elimination
of tracking, school finance reform that would equalize spending across rich
and poor districts (Berne 1994), and arecasting of teacher preparation to foster
more favorable expectations and more cognitively stimulating instruction for
currently disadvantaged students. If the “ school effects” explanation were cor-
rect, such reforms would reduce or eliminate differences between schools in
achievement.

The debate reviewed above leaves school differences in student mean
outcomes open to vastly different interpretations. One observer might view an
elevated school mean as simply reflecting an advantaged school composition;
another would attribute this success to excellent school governance, organiza-
tion, policy, and instructional practice. Those who study school effects seek to
measure key aspects of both student composition and school processto assess
the relative contributions of each and to isolate those contributors to achieve-
ment that reformers can modify (Fuller 1987; Lee and Bryk 1993). Causal
inference in such studies is always perilous because student composition and
school process areinevitably correlated. Thus, if either student compasition or
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school process is not measured well and is still included in the analysis, esti-
mates of both will be biased.

Given the difficulty of conducting sound studies of school effects, it is
not surprising that schemes designed to hold school s accountablefor their mean
achievement level s have encountered intense criticism (Willms 1992). School
means that are not adjusted for student composition will typically convey an
overly negative picture of school processin those schoolswith the most disad-
vantaged students. However, incorporating adjustments for composition
typically leads to underestimates of the effectiveness of schools having favor-
able student composition (Raudenbush and Willms 1995).3

Implications of the Debate for Interpreting State Variation in
Outcomes

All of thedifficultiesin interpreting school differencesin mean outcomes
areamplified when interest focuses on state mean differences. First, state means
are simply aggregates of school means—the same meansthat have been found
difficult to interpret in all but the most careful studies. Second, while al of the
problems associated with interpreting either unadjusted or adjusted school
means are present in adjusting state means, others are added. For example, the
association between student composition and school processes will vary from
state to state, as we show below, making the problem of finding meaningful
adjustments for student composition even more perplexing. And differencesin
statemeanswill at least partially reflect differencesin state policy. Such policy
differences may also be correlated with school composition and school pro-
cess, creating extra uncertainty about the sources of state variation.

Thus, while making good estimates of state mean proficiency appears
essential to any picture of the condition of the nation’s education system, state
differencesin mean proficiency are, by themselves, intrinsically ambiguous at
best and misleading at worst because of the inevitable temptation to make
groundless causal inferences.

8 Student advantage is typically positively correlated with effective school process.
Analyses that control student demographics without incorporating good measures of
school process will over-estimate the importance of student background, thus leading to
overly severe adjustments for student background and thereby underestimating the
effectiveness of schools serving advantaged students. Rarely do school accountability
studies measure key aspects of school process.
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The problem of interpreting state means can perhaps be clarified with
reference to asimple causal model (figure 1). Those who interpret state means
from TSA aretypicaly interested in the role of state government in improving
student achievement (arrow F of figure 1). However, in principle, states cannot
directly alter student learning (which iswhy arrow F isa*“dashed line” rather
than a solid line). Instead, state policy may affect student achievement indi-
rectly by encouraging favorabl e practice and resources at the level of the school
or teacher (arrow D). Schools and teachers can directly affect student achieve-
ment (arrow A), though any analysis of such effects must account for student
background (arrow B) because school and teacher practice are likely corre-
lated with student background (arrow C).

Thefirst phase of our analysis uses NAEP data to study arrowsA and B,
i.e., to assess contributing school and teacher quality and the contribution of
student background in each of 41 states. The second phase considers arrow D,

Figure 1. Conceptual Model for State-level
Policy Effect on Student Achievement

State Government

School Resources N

Student
Achievement

Home Background
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the differences between stateswith respect to those school and teacher resources
and practices found consistently correlated with student achievement.

Phase |: Correlates of Proficiency within States

The first phase of our analysis was to study home and school correlates
of eighth grade mathematics proficiency within each state. Our hypotheses
were that student social, ethnic, and linguistic background, along with indica-
tors of the home literacy environment, would be related to mathematics
proficiency, as in past research; and that indicators of key aspects of school
quality, such as course-taking opportunities, disciplinary climate, teacher quali-
fications, and cognitive stimulation in the classroom, would also predict
proficiency. It was essential in this analysis that effects of student background
and school quality indicators be adjusted for each other and for other contex-
tual variables such as the composition of the school. This exercise could be
viewed as much as avalidation study of TSA indicators as atest of theory. We
wanted to see whether TSA indicators of home background and school quality
were sufficiently well measured to reproduce essential findings of past research.
We al so sought to examine the power of our within-state modelsto account for
variation between states.

Our expectation wasthat key variables measured at the student and school
level would account for most of the variation between states. This expectation
was driven by substantive, rather than statistical, concerns. Controlling for ex-
planatory variables at lower levels of aggregation, such as the student or the
school, need not reduce variation at a higher level, such as the state. The ad-
justed between-state variation can, in principle, be either smaller or larger than
the unadjusted between-state variation. However, it standsto reason that states
will vary in outcomes for two reasons: selection processes and effects of state
educational policy and practice. Selection processes arise because patterns of
settlement, fertility, and economic dislocation produce state variation in the
demographic and cultural backgrounds of students and their families. Educa-
tional policies and practices of schools vary because of the uniquely
decentralized character of the U.S. education system and because states and
localitiestailor the provision of education to the populations they serve. How-
ever, states are limited in the “levers’ available to them to affect student
outcomes. These levers include regulations, incentives, and forms of aid that
can have only indirect effects on students by affecting district and school lead-
ership and, ultimately, instruction. It follows that if key aspects of selection,
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school practice, and instruction are controlled, no state variation will remain to
be explained. Interms of figure 1, once arrowsA and B are controlled, arrow F
should be nonsignificant. This makes sense theoretically but may be difficult
to show empirically with NAEP data because NAEP indicators of school re-
sources and home background are limited.

Sample and Measures

Sample

The analyses are based on data from 99,980 eighth graders attending
3,537 schools located in the 41 states and territories participating in the 1992
Trial State Assessment in mathematics. Thus, the average state sampleincluded
2,377 students and 86 schools.

Students within each state were selected by means of atwo-stage cluster
samplewith stratification at thefirst stage. Specifically, schoolswerefirst strati-
fied on the basis of urbanicity, minority concentration, size, and areaincome;
then (@) schools were selected at random within strata with a probability pro-
portional to student gradelevel enrollment; and (b) studentswere systematically
selected from alist of students, given arandom starting point, within schools.
It is essential that the analysis plan take into account the stratified and clus-
tered nature of the sample.

Measures

Table 1 lists the variables used and their descriptive statistics. The vari-
ables include student outcome data, demographic indicators, home
environmental indicators, and classroom and school characteristics.

Measures of math proficiency. The math proficiency datacollected aspart of NAEP
involve amatrix-sampling scheme in which each student was observed on only
a subset of relevant items. Rather than yielding a single measured variable,
NAEP produces five “plausible values’—random draws from the estimated
posterior distribution of each student’s*“true” outcome given the subset of items
and other data observed on that student (Johnson, Mazzeo, and Kline 1993).

Measures of student demographics. Student demographic variables consist of gen-
der (indicator for male), ethnicity (indicators for Hispanic American,
non-Hispanic black American, Asian American, and Native American, with
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Table 1. Descriptive Statistics for Student- and School-level Variables

for the Combined Sample

Code Standard
Variables and range Mean deviation
Student-level data (99,980 students)
Outcome variables
Math proficiency 1 (-2.96, 3.06) 0.03 0.99
Math proficiency 2 (-3.82, 2.71) 0.03 0.99
Math proficiency 3 (-3.75, 3.33) 0.03 0.99
Math proficiency 4 (-3.22, 2.87) 0.03 0.99
Math proficiency 5 (-3.84, 2.76) 0.03 0.99
Demographics
Male 0=No, 1=Yes 0.50 0.51
African American 0=No, 1=Yes 0.15 0.36
Hispanic American 0=No, 1=Yes 0.14 0.35
Asian American 0=No, 1=Yes 0.03 0.19
Native American 0=No, 1=Yes 0.02 0.12
Not born in U.S. 0=No, 1=Yes 0.07 0.26
Student-level data (99,980 students)
Home environment
Living with both parents 0=No, 1=Yes 0.70 0.47
Living with one parent 0=No, 1=Yes 0.20 0.41
Parental education—
high school diploma 0=No, 1=VYes 0.30 0.47
Parental education—
more than high school diploma 0=No, 1=Yes 0.18 0.40
Parental education—
bachelor’s degree or more 0=No, 1=VYes 0.26 0.45
Hours watching TV (0, 6) 3.17 1.61
Changed school in past 2 years 0=No, 1=Yes 0.22 0.42
Get newspaper regularly 0=No, 1=Yes 0.73 0.46
More than 25 books in home 0=No, 1=Yes 0.91 0.29
Get magazines regularly 0=No, 1=Yes 0.76 0.44
Classroom characteristics
Taking algebra 0=No, 1=Yes 0.19 0.40
Taking pre-algebra 0=No, 1=Yes 0.25 0.44
Teaching experience of math teacher (1, 30) 13.44 8.85
Math teacher majored in math 0=No, 1=VYes 0.43 0.51
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Table 1. Descriptive Statistics for Student- and School-level Variables for the
Combined Sample (continued)

Code Standard
Variables and range Mean deviation
Math teacher majored in math education 0=No, 1=Yes 0.18 0.39
Math teacher did graduate work 0=No, 1=Yes 0.47 0.51
Math teacher emphasized reasoning/ 0 = otherwise 0.46 0.51
analysis in class 1 = heavy/moderate
School-level data (3,537 schools)
School-level variables
Median income (in thousands) (9.073, 85.567) 28.80 10.73
Instructional dollars per pupil (7.5,17.5) 67.22 30.23
Percent minority (1,100) 28.02 27.70
Urban location 0=No, 1=Yes 0.23 0.42
Rural location 0=No, 1=Yes 0.23 0.42
Offering 8th grade algebra for high
school credits 0=No, 1=Yes 0.75 0.43
Availability of computer 0=No, 1=Yes 0.83 0.37
School climate (-3.003, 1.191) 0.00 0.63

European American asthe reference group), national origin (indicator for born
outside the U.S.), family type (indicators for living at home with a single par-
ent, living at home with both parents, with other type as the reference group),
and parental education (indicators for high school graduate, some education
after high school, and college graduate, with not graduated from high school
or the eighth grader not knowing parents’ educational level as the reference

group).

Table 1 presents the descriptive statistics on student demographics for
the combined 41 states. As table 1 shows, half of the 99,980 students were
male. African Americans made up 15 percent of the sample; Hispanic Ameri-
cans, 14 percent; Asians, 3 percent; and Native Americans, 2 percent; and 7
percent of the students were not born in the U.S. In addition, 70 percent of the
students indicated that they had two parents residing at home, and 20 percent
of students reported that they lived in a single-parent household. For 30 per-
cent of the sample, either the mom or the dad held a high school diploma; for
18 percent, one parent had some education after high school graduation; and
for 26 percent, at least one parent graduated from college.
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Measures of home environment. Home environment variables include amount of
time watching television, mobility (as indexed by whether a student changed
schools in the past two years), home literacy environment (indicators for re-
ceiving a newspaper, having more than 25 books, and subscription of
magazines). Table 1 indicates that the students spent 3.17 hours daily on aver-
age watching TV. Less than a quarter of them (22 percent) reported that they
had changed schoolsin the past two years. About three-fourths of the students
(73 percent and 76 percent) indicated that their householdsregularly got news-
paper and magazines, respectively. Thegreat majority of the students, 91 percent,
had more than 25 books in their homes.

Measures of classroom characteristics. Classroom characteristics involve type of
course (indicators for pre-algebra, algebra, with other course as the reference
group), the teaching experience and qualifications of the teacher of the student
(indicators for undergraduate math major in college, math education major in
college, with other mgjor as the reference group; and an indicator for having a
graduate degree), as well as teacher-reported emphasis on reasoning in the
classroom (an indicator for moderate to high emphasis). The data on teacher
background and pedagogical practice were taken from responses to question-
naires administered to the mathematics teachers of the students sampled.

Table 1 showsthat 19 percent of the studentsin the sample enrolled in an
algebra course and 25 percent of them took pre-algebra. The average number
of years of teaching experience for the teachers of the students sampled was
about 13. Furthermore, 43 percent of the students had a teacher who majored
in mathematics as an undergraduate; 18 percent of the students had a teacher
who was a math education major; and 47 percent of the students had a teacher
who got a graduate degree. About half of the students (47 percent) attended a
classroom where reasoning received moderate to high level of emphasis.

Measures of school characteristics. School characteristics include the social and
racial composition of a school as measured by median income and percent
minority (Hispanic and African American students). Other school-level mea-
suresarelocation (indicatorsfor an urban school, arural school, with suburban
school as a reference group), and financial and computing resources as in-
dexed by instructional dollars per pupil and availability of computers (an
indicator for the availability of computers in a math classroom or a lab for
most of the time), course offerings (an indicator for the availability of algebra
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for high school credit), and a scale measuring the disciplinary climate of the
school. The scale was created from the following itemsindicating the extent to
which each was aproblem in the school: tardiness, absenteei sm, cutting classes,
physical conflicts, drug and acohol use, health, teacher absenteeism, racial or
cultural conflict. Each item wasfirst standardized, and the scal e was constructed
as the average of the nine standardized scores. Average Cronbach’s apha for
the 41 states was .79.

Analytic Approach

Math Proficiency

Our strategy for modeling math proficiency has two stages: a within-
state analysis and a between-state analysis. The within-state analysis uses a
hierarchical linear model to handlethe clustered character of the sample. Sample
design weights are applied at the student level to accommodate the stratified
character of the sample and the associated over-sampling of certain subgroups.
This analysis is replicated for each plausible value and the results pooled as
recommended in Little and Schenker (1994) and Mislevy (1992), using a spe-
cialized version of the HLM program (Bryk, Raudenbush, and Congdon 1994)
originally adapted for multiple plausible values by Arnold, Kaufman, and
Sedlacek (1992). The output for each state is a vector of parameter estimates
and their estimated sampling variance matrix. These then provide input data
for the second stage of the analysis, which involves an empirical Bayes and a
Bayesian synthesis of findings across states. The syntheses employ the method
of moments (Raudenbush 1994) and the Gibbs sampling (Gelfand and Smith
1990). (See Raudenbush, Fatiu, and Cheong [1998] for afull exposition of the
approach.) Taken together, the two stages have the structure of aplanned “ meta-
analysis’ (Glass 1976) in which each state's separate analysis constitutes a
“study,” and the between-state analysis combines these results.

Within-state Models

To address these questions, we first formulated within each state two
separate two-level hierarchical models, one with and one without covariates
(measures on student demographics, home environment, and classroom and
school characteristics). Past research on the associations between the social
distribution of educational resources and outcomes guided the specification of
the former model (e.g., Bernstein 1970; Bryk and Thum 1989; Coleman
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et a.1966; Finley 1984; Oakes 1985; Page 1990; Raudenbush, Rowan, and
Cheong 1993; Rosenbaum 1976; and Rutter et al. 1979). The model is

ijk — ok pijk ijk !

p
1 Yie = Boct 2 B Xt Ui T &
where

Yii is the math proficiency score for student i in school j and state k;

B, isthemean for state k, whichis adjusted for the school - and student-
level covariates,

X is the p" covariate, which is centered around the Michigan mean;

Bpk isthe regression coefficient associated with each Xk

u, and e, aretheresidual random school and student effects. They are
assumed independently and normally distributed with w,? and o,

respectively.

Estimates of the two variance components, wkz and okz, incorporate varia-
tion associated with the cluster sample so that the maximum likelihood (ML)
estimate of each regression coefficient and its standard error incorporates the
extravariation arising from the clustered nature of the sample. The use of sam-
pling weights accounts for unequal probability of selection and multiple
plausible value analysis accounts for the estimation of proficiency.

Deviating the school- and student-level covariates around the Michigan
means allows us to obtain more precise estimates of various parametersfor our
own state, Michigan.* For the sake of simplicity, we forego the option of al-
lowing any of the partial effects associated with student-level covariates to
vary randomly from school to school within state k. Thus, only 3, the inter-
cept, varies randomly across schools within states.

0k’

Between-state Models

The between-state synthesis combined the output produced by each state
to obtain inferences on parameters for individual states as well as global pa-
rameters. The output from the within-state analysis for state k consisted of the
ML estimates b, of the state mean and its estimated sampling variancev,. The
estimate b, is assumed to vary around its corresponding parameter 3, with an

4 The covariates can be deviated around other constants such as the national means for
other purposes.
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unique error r, associated with the sample for state k, which has aknown sam-
pling variancev,, i.e.,

2. b, =B +r..r.-NOVv).
The parameter 3, isin turn assumed to vary around an overall mean y plus a
random error associated with state k, yi,. We may write

3. B, = Y*+H ,K-NOT).
The random error has a variance of T.

Table 2 lists the approximate posterior means and standard deviations of
the various regression coefficients, and the estimates of between-state vari-
anceand their squareroots.> We computed z-ratiosfor the regression coefficients
to evaluate the null hypothesis that a particular regression coefficient pooled
across states was 0. A z-ratio larger than 2 or 3, as indicated by asterisks in
table 2, lent support to rejection of the null hypothesis.

Student demographics. Controlling for home environments and for classroom
and school characteristics, theresults suggest that, on average, males had higher
scores than femal es; and African Americans, Hispanic Americans, and Native
Americans exhibited lower proficiency than did European or Asian Ameri-
cans. For instance, African Americans obtained, on average, about half a
standard deviation lower math proficiency than did European Americans. Net
of other covariates, students who were born in the United States scored higher
that those who were not. The partial effects associated with the African Ameri-
can and Hispanic American ethnicity and the place of birth variables seem to
vary from state to state.

Home environment. Controlling all other covariates, family structure, parental
education, and home literacy environment were related to proficiency. Stu-
dentswho lived with either one parent or both parents outperformed those who
did not and al so those who did not know the educational levels of their parents.
Students whose parents had education beyond high school and those whose
parents had college degrees scored higher than did those whose parents had
not graduated from high school. Furthermore, students coming from house-

5 Table 2 gives the empirical Bayes summary results. Raudenbush et al. (in press) provide
results from the fully Bayesian synthesis and compared the two sets of results. Individual
state results are available upon request.
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Table 2. Empirical Bayes Summary of State-by-State Results
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Demographics
Male 0.0904* 0.0061 0.0005 0.0231
African American -0.4583* 0.0215 0.0123 0.1107
Hispanic American -0.3894* 0.0271 0.0239 0.1546
Asian American 0.1288* 0.0216 0.0032 0.0565
Native American -0.2162* 0.0223 0.0043 0.0654
Not born in U.S. -0.2369* 0.0211 0.0110 0.1046
Home environment
Living with both parents 0.2884* 0.0116 0.0021 0.0456
Living with one parent 0.2500* 0.0124 0.0022 0.0471
Parental education—
high school diploma 0.0567* 0.0082 0.0008 0.0273
Parental education—
more than high school diploma 0.2455* 0.0085 0.0217 0.2455
Parental education—
college degree 0.2146* 0.0125 0.0041 0.0638
Hours watching TV -0.0404* 0.0024 0.0001 0.0112
Changed school in past 2 years -0.0640* 0.0063 0.0000 0.0000
Get newspaper regularly 0.0277* 0.0057 0.0000 0.0000
More than 25 books in home 0.2051* 0.0092 0.0000 0.0000
Get magazines regularly 0.1006* 0.0075 0.0007 0.0259
Classroom characteristics
Taking algebra 0.9830* 0.0201 0.0141 0.1188
Taking pre-algebra 0.3972* 0.0159 0.0083 0.0912
Teaching experience of math teacher 0.0029* 0.0006 0.0000 0.0000

Math teacher majored in math 0.0844* 0.0121 0.0038 0.0844
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Table 2. Empirical Bayes Summary of State-by-State Results (continued)
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Math teacher majored in
math education 0.0823* 0.0149 0.0055 0.0738
Math teacher did graduate work 0.0101 0.0084 0.0010 0.0320
Math teacher emphasized
reasoning/analysis in class 0.1373* 0.0096 0.0023 0.0478
School characteristics
Median income 0.0059* 0.0007 0.0000 0.0000
Instructional dollars per pupil 0.0000 0.0000 0.0000 0.0000
Percent minority -0.0036* 0.0000 0.0000 0.0000
Urban location 0.0140 0.0143 0.0014 0.0380
Rural location -0.0191 0.0225 0.0125 0.1120
Offering 8th grade algebra for
high school credits -0.0425* 0.0138 0.0018 0.0428
Availability of computer 0.0024 0.0124 0.0000 0.0000
School climate 0.0378* 0.0079 0.0000 0.0000
Intercept
Intercept 0.0680 0.0096 0.0000 0.0000

* z-score > 3.

holds that had more than 25 books in the home and received newspaper and
magazines regularly had higher math proficiency than those who came from
households that did not. There were statistically significant negative partial
effects associated with time spent watching TV and changing school in the

past two years. Three of the between-state variance estimates were 0.

Classroom characteristics. Enrollment in al gebraand pre-algebrawere positively
related to math scores, all else being equal. Those who took algebra scored
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about one standard deviation higher than the reference group, whose students
took eighth grade math or other non-algebra course or who did not take any
math course. Those who enrolled in pre-algebra scored about 0.4 standard de-
viation higher than the reference group. Teaching experience, teacher subject
matter expertise (as indicated, respectively, by majoring in math or math edu-
cation), and emphasis on reasoning® were also positively correlated with
proficiency in math, net of the effects of other covariates.

School characteristics. School composition effects were manifest, net all other
predictors, including student demographic background. In particular, school
median income was positively related to proficiency, and percent minority was
negatively related to proficiency. Thus, school social class and ethnic segrega-
tion effects tend to reinforce differences based on individual social class and
ethnicity. All else being equal, a favorable school climate was positively re-
lated to proficiency. The estimated partial effect of school algebra was
statistically significant and negative. Note that this effect represented the ex-
pected differencein math proficiency between astudent not taking algebrain a
school that offered algebraand a student in a school that did not offer algebra.
One implication of the predominantly negative effect across the states is that
thereare at |east some studentsin schools not offering algebrawho would have
benefited from enrollment in an algebra course had they attended school s that
did offer algebra. In addition, astaking algebrawas, in general, the most pow-
erful single predictor of proficiency, one must conclude that attending a school
that offers algebrais related positively to math proficiency.

In sum, therelevant covariatesincludeindicators of student demographic
status, home environment, and school composition; these relate to proficiency
as expected. At the school level, a curriculum that includes opportunities to
take high school algebra and a positive climate were linked to proficiency. At
the classroom level, teachers' subject-matter preparation, asindicated by hav-

6 One would expect the level of reasoning to increase with teacher’s education (e.g., a
teacher’s undergraduate major) and the difficulty of the course (e.g., an algebra course
versus a general mathematics course). Emphasis on reasoning, teacher’s education, and
course type thus may jointly influence math proficiency. To understand how these various
predictors may be correlated with the math scores, two models were specified, one with
and one without emphasis on reasoning entered as a predictor. The results showed that
reasoning, independent of all other covariates, was positively related to math proficiency.
In fact, the estimates of other predictors remained nearly the same in the two models.
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ing majored in math or in math education, and emphasis on mathematical rea-
soning predicted elevated proficiency.

Variance Reduction

Figures 2 and 3 give the approximate marginal posterior for the variance
for theintercept, that is, for var(B,) = T for theunconditional (with no covariates)
and conditional models.” Figure 3 shows unmistakable evidence of heteroge-
neity between states (note that 0 is not a plausible value for T). However, there
is considerable uncertainty about the magnitude of this heterogeneity.

The math proficiency measure was on a scale with a mean near 0 and a
variance of approximately unity. The posterior mean of T is.088, implying that
about 8.8 percent of the variance in the outcome lies between states. However,
T valuesassmall as.04 and aslarge as .14 are not impraobable. Thus, it appears
that from 4 percent to 14 percent of the variance in the outcome lies between
states.

Whereas figure 3 shows evidence of heterogeneity between states (note
that O is not aplausible value for 1) after controlling for the various measures,
there is every reason to believe that the magnitude of this heterogeneity is
small. The posterior mean of 1 is.018, implying that 1.8 percent of the vari-
ance in the outcome lies between the intercepts of the states. Moreover, the
unknown value of T isunlikely to exceed .03 or 3 percent of the total variance
in the outcome. It appearsthat from .004 percent to 3 percent of the variancein
the intercept lies between states after controlling for covariates. Thus, most of
the state-to-state heterogeneity is explainable on the basis of covariates de-
fined on students, teachers, and schools. Thisindicates, in general, that states
with high mean proficiency tend to be advantaged on the relevant covariates
and that these advantages account for most state-to-state variation in profi-
ciency.

Phase II: Inequality of Access to Educational Opportunity

In terms of figure 1, our “first phase” analysis found certain school re-
sources (arrow A) and student background indicators (arrow B) to be quite

” Thefigures are output obtained from the Bayesian synthesis (see Raudenbush, Fotiu, and
Cheong [in press] for a description of the approach).
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Figure 2. Estimated Posterior Distribution of T: Unconditional Model
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consistently related to student achievement. Controlling for these, state differ-
ences in achievement (arrow F) became small, perhaps negligible. This
encouraged us to abandon further investigation of state means, whether ad-
justed or unadjusted. Rather, we sought in Phase Il of our investigation to
examine state differencesin school resources. Given the consistent association
between advantaged home background and achievement, we were especially
interested in the equity with which the school resources are distributed. We
asked: “ Doesthe distribution of school resourceslikely reinforce or counteract
inequalities arising from home environment? Do states differ, not only in the
provision of resources, but also in the equity with which they are distributed?’

One product of this work is a different kind of “report card” for states
than istypically made available to policymakers. The typical report card pro-
vides unadjusted differences between statesin academic proficiency. Thistypical
report card, though conveying some useful information, can easily mislead. It
tends to provide an overly negative portraya of education systems in states
with comparatively disadvantaged demographics and an overly rosy picture of
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Figure 3. Estimated Posterior Distribution of T intercept:
Conditional Model
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education in states with more advantaged students. Moreover, it provideslittle
insight into ways in which policy changes might produce better outcomes.

Thereport card we present compares states on educational opportunities,
resources, or processes theoretically and empirically linked to outcomes. It
reveals the equity with which these are distributed as a function of student
social background and ethnicity. It therefore points the discussion toward in-
terventions that would increase the quality and equity of education provision.

In modeling the relationship between student demographic background
and educational resources, our analysis strategy depended on whether the edu-
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cational resource in question was measured dichotomously or continuously.
Dichotomous resourcesincluded school course offering (1 = school offershigh
school algebra, 0 = school does not offer high school algebra) teacher educa-
tion (1 = teacher majored in math, 0 = teacher did not mgjor in math), and
emphasis on reasoning in the classroom (1 = high, 0 = other).

Model for the Continuous Outcome (Disciplinary Climate)

The method of estimation for the model studying school climateinvolves
atwo-level hierarchical linear model (Bryk and Raudenbush 1992) with stu-
dents nested within states. Robust standard errors were computed using the
generalized estimating equation approach of Zeger, Liang, and Albert (1988).
These standard errorsarerelatively insensitive to mis-specification of the vari-
ances and covariances at the two level s and to the distributional assumptions at
each level. State-specific effects were estimated via empirical Bayes (Morris
1983; Raudenbush 1988).

Specifically, we estimated a within-state model in which ethnicity, pa-
rental education, and the ethnicity-by-parent interaction predicted school
climate. Ethnicity was represented by four dummy variables and parental edu-
cation by two dummy variables. Allowing for the ethni city-by-parent interaction
effect enabled us to model access to resources for each sub-group (e.g., Afri-
can Americans of low, middle, or high parental education). We allowed
coefficientsfor the parental education dummies and for African American and
Hispanic American ethnicity to vary randomly over states, thus allowing state-
by-state comparisons. Sample sizes of Asian Americans and Native Americans
were, unfortunately, too small to allow such afine-grained analysis.

Models for the Dichotomous Resource Indicators

The same explanatory model for the school climate was specified for
each dichotomous outcome. In this case, however, we used atwo-level logistic
regression model, estimated by penalized quasi-likelihood (Breslow and Clayton
1993), with robust standard errors. Such amodel isequivalenttoa2 by 3by 5
by 41 contingency table with 2 levels of the outcome, 3 levels of parent educa-
tion, 5 levels of ethnicity, and 41 levels representing states.
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Results

We now consider the degree of ethnic and social equality in accessto the
four resources of interest. Specifically, we ask thefollowing questionsfor each
resource indicator:

1. Averaging within the 41 states participating in the TSA, to what extent
does student socia background, asindicated by parental education and
student ethnicity, predict access to the resources?

2. Doesthe degree of inequality in access vary by state? If so, how do the
41 states compare?

Results Averaged Across States

School Disciplinary Climate

Figure 4 givesthe graph of the fitted model in which ethnicity and paren-
tal education predict accessto favorable disciplinary climate. Thefigure shows
that higher levels of parental education are clearly linked to more favorable
disciplinary climate. The near parallelism of the five lines (with the exception
of the line for Native Americans, which is based on a comparatively small
sample) reflects the absence of any statistical evidence of atwo-way interac-
tioninvolving parental education and ethnicity. Thereisasubstantial significant
vertical displacement between ethnic groups. Pairwise comparisons using a
Bonferroni adjustment to control the family-wise Type | error rate at the 5
percent level indicated four separate clusters of means (in descending order of
magnitude): (a) European Americans; (b) Asian Americans and Native Ameri-
cans; (c) Hispanic Americans; and (d) African Americans. Given that the school
climate outcome had amean of 0 and a standard deviation of 0.63, the differ-
ences manifest in figure 4 are non-trivial in magnitude: About 0.20 standard
deviation units separate those with parents having a BA from those whose
parents were without a high school diploma; nearly half a standard deviation
separates European Americans and African Americans.

Access to High School Algebra

Figure 5 plots the predicted probability of attending a school that offers
high school algebrafor eighth graders as a function of parental education for
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Figure 4. Predicted School Disciplinary Climate as a
Function of Parent Education and Ethnicity
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each of the five magjor ethnic groups under study. We see that parental educa-
tionispositively associated with the probability of attending such aschool. As
in the case of climate, the near parallelism of the five lines reflects the absence
of any statistical evidence of atwo-way interaction involving parental educa-
tion and ethnicity. Again, we find a significant vertical displacement between
ethnic groups. Pairwise comparisons using a Bonferroni adjustment to control
the family-wise Type | error rate at the 5 percent level indicated three separate
clusters of ethnic group probabilities (in descending order of magnitude): (a)
Asian Americans; (b) European Americans, African Americans, and Hispanic
Americans; and () Native Americans. The differences manifest in figure 2 are
comparatively modest in magnitude.

The regression coefficients for the predictors give the associated partial
effectsin terms of log-odds. Besides computing predicted probabilities based
on the regression coefficients, one could compute odds ratios as well. For in-
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Figure 5. Predicted Probability of Assignment to a School That
Offers Algebra as a Function of Parent Education and Ethnicity
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stance, the odds ratio of offering algebra for a school attended by a student
whose parent had college education versus aschool attended by astudent whose
parent had |ess than high school educationisexp{d,} = exp{-0.244} = 0.784.

We now turn to two classroom-level resources for learning: teacher sub-
ject matter preparation, as indicated by having majored in mathematics, and a
cognitively stimulating environment, as indicated by an instructional empha-
sis on mathematical reasoning. In both cases, we find that social background
(as indicated by parental education) and ethnicity are linked to access to the
resource. However, the findings are more complex than those reported above,
in that a two-way interaction is manifest in the case of these two classroom-
level resources.

Teacher Preparation

Figure 6 plots the predicted probability of encountering a math teacher
who magjored in math as a function of social background and ethnicity. The
figure shows that higher levels of parental education are linked to a higher
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Figure 6. Predicted Probability of Assignment to a Teacher Who
Majored in Math As a Function of Parent Education and Ethnicity
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probability of encountering such a teacher. However, the magnitude of this
relationship depends upon ethnicity. The link between social background and
teacher preparation is strongest for Asian Americans and European Americans
and weakest for African Americans, Hispanic Americans, and Native
Americans. Equivalently, we can say that ethnic gapsin accessto the resource
are manifest, but are more pronounced at higher than at lower levels of
parent education.

Emphasis on Reasoning

Figure 7 plots the predicted probability of encountering a math teacher
who emphasizes mathematical reasoning during instruction. Again thereis a
positive relationship between parent education and this probability, but again
the magnitude of this association depends upon ethnicity. The link between
parental education and access to reasoning is strongest for Asian Americans
and European Americans and weakest for the other three groups. Equivalently,
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Figure 7. Predicted Probability of Assignment to a Math Teacher Who
Emphasizes Reasoning As a Function of Parent Education and Ethnicity
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just asin the case of teacher preparation, we can say that ethnic gapsin access
to the resource are manifest, but are more pronounced at higher than at lower
levels of parent education.

Summary

In sum, we find evidence of ethnic and social inequality in access to all
four resource indicators when averaging across the 41 states. Main effects of
both ethnicity and social background generally parallel previous findings in
predicting student achievement. Thus, just as high parental education predicts
favorable outcomes, it also predicts access to schools with favorable climates,
schools that offer algebra, teachers with training in mathematics, and class-
rooms that emphasize reasoning. Similarly, ethnic groups disadvantaged in
outcomes (African Americans, Hispanic Americans, and Native Americans)
also encounter less access to these resources for learning.
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State Variation in Access to Resources

The pooled, within-state findings regarding social and ethnic inequality
in access to afavorable school climate provide an “on-average” picture of in-
equality in accessto resourcesover 41 states. However, these on-averageresults
poorly represent the picture that we find in many states. In fact, the datareveal
substantial evidence of state variation.

The case of school disciplinary climate illustrates the substantial varia-
tion across states. Figure 8 plots 95 percent bivariate confidence ellipses for
the 41 states where the vertical axisis social inequality (as indicated by mean
gaps in school climate between students having parental education of BA and
less than high school) and the horizontal axisis ethnic inequality (asindicated
by mean differences between African Americans and European Americans.?
Four features of the scatter plot of ellipses are noteworthy:

1. First, there is a rather strong negative relationship between parental
education “gaps’ and ethnicity “gaps.” That is, stateswith ahigh degree
of social inequality tend to also exhibit ahigh degree of ethnicinequality.
New York isacasein point; lying in the upper left quadrant, New York
has a “parental education gap” of about 0.30 points (half a standard
deviation) and an “ethnicity gap” of around 0.60 (a full standard
deviation).

2. Some degree of inequality ispresent in nearly all states. Thisinference
isbased on noticing that nearly the entire scatter of ellipsesliesabove 0
onthevertical axis (indicating positive parental education effectswithin
states) and below 0 on the horizontal axis (indicating that African
American ethnicity is associated with lower levels of disciplinary
climate).

3. However, the magnitude of inequality varies quite substantially across
states. There is a cluster of states near the origin (the point indicating
equality on both parental education and ethnicity). There are also states
far from the origin (e.g., New York, New Jersey, California, and
Massachusetts), implying substantial inequality in access to favorable
disciplinary climate in these states.

8 The mean differences associated with social inequality are adjusted for ethnicity, and the
mean differences associated with ethnicity are adjusted for parent education. The 95
percent confidence ellipses are based on the empirical Bayes posterior distribution (Morris
1983) of the parental education and ethnicity coefficients for each state.
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=Bachelor Degree (with increasing magnitude

State-specific coefficient for Parent Education

Figure 8. 95 Percent Bivariate Confidence Ellipses for the State-
specific Coefficients Associated with Parental Education and
African American Ethnicity (Outcome: Mean School Climate)
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4. There is considerable overlap among the ellipses, making it hard to
distinguish many pairs of states and, in fact, making pairwise
comparisons confusing. However, the ellipses of any pair of states can
be shaded (as Michigan's ellipse in figure 8) to facilitate a desired
pairwise comparison. Using computer graphics, it is easy to highlight
any subset of states to generate clearer comparisons.

The value of the ellipsesis that they automatically communicate the de-
gree of uncertainty about rankings among states. Consider, for example,
Michigan and Ohio. Ohio is characterized by significantly greater ethnic in-
equality than Michiganis, i.e., the gap between European Americansand African
Americansin the disciplinary climatesthey encounter is statistically greater in
Ohio than in Michigan, as indicated by the fact that the two ellipses do not
overlap on the horizontal axis. However, the two states do not differ in social
inequality, asindicated by the fact that their ellipses do overlap on the vertical
axis.

Excellence versus Equality

Itisalso possible to plot “excellence” (high levels of aresource) against
“equality,” as depicted in figure 9. The figure shows, for example, that New
Jersey, though displaying acomparatively high degree of ethnicinequality, has
one of the highest average levels of disciplinary climate. Equality isnot agood
thing if environments are equally bad; South Carolina and Mississippi exhibit
low levels of inequality but also low average levels of disciplinary climate.

For the other resources, the pooled results also poorly represent the de-
gree of inequality in some states. Again, the datareveal substantial evidence of
statevariation. It ispossible and generally useful to describe state-to-state varia-
tionin accessto these resources aswe did in the case of school climate (figures
4 and 5). However, adetailed discussion of differences among the 41 states on
all resources goes beyond the scope of this paper.

Conclusions

TheTrial State Assessment of NAEP reports mean student proficiency in
a given subject for each of the participating states, broken down by ethnicity
and parental education (c.f., Mulliset al. 1993). Although reports of state means
are essential as part of an assessment of the condition of educationintheU.S,,
we have argued in this paper that such state means, by themselves, are difficult
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State-specific adjusted overall average (with increasing magnitude associated

Figure 9. 95 Percent Bivariate Confidence Ellipses for the State-
specific Coefficients Associated with Intercept and African
American Ethnicity (Outcome: Mean School Climate)

0.5 A

<A ﬂ,\\
SR
SN

0.0

with favorable average levels of disciplinary climate)

0'5-| T T T
1.0 -0.5 0.0 0.5

State-specific coefficient for African American Ethnicity (with increasing
magnitude associated with increasing African American disadvantage)



36 Stephen W. Raudenbush

to interpret and even misleading. The means reflect an unknown mix of
contributions from student demographics, school organi zation and process, and
state policy. To supplement the reporting of means, we have proposed a
reporting of the accessthat states provideto key resourcesfor learning. Know-
ing the extent to which states provide these resources to students of varied
social background and ethnicity points toward sharply defined policy debates
concerning ways to improve education. The results of our analysis are both
substantive and methodological.

Substantive Findings

Our resultsindicate substantial inequality in accessto resources, on aver-
age, over the 41 participating states. Social background, asindicated by levels
of parental education, issignificantly related to accessto aschool with afavor-
abledisciplinary climate and aschool that offers high school algebrafor eighth
graders. Social background also predicts the probability that an eighth grader
will encounter ateacher who majored in mathematics and a teacher who em-
phasizes reasoning during mathematics instruction. These effects of social
background are adjusted for ethnicity.

Theresultsfor ethnicity parallel thosefor social background, though they
vary to some degree by the resource of interest. For example, with respect to
school disciplinary climate, European Americans encounter, on average, the
most favorable disciplinary climates; Asian Americans and Native Americans
are next, followed by Hispanic Americans and finally by African Americans.
The probability of attending a school that offers algebrais distributed alittle
differently: Asian Americans experience the highest probability of attending
such a school; European Americans, African Americans, and Hispanic Ameri-
cans are next most likely to attend such a school; and Native Americans have
thelowest probability of attending such aschool. These effects of ethnicity are
adjusted for socia background. The results for teacher preparation and em-
phasis on reasoning are more complex: ethnic gaps in access are greatest at
highest levels of parental education, with Asian Americans and European
Americans having greater access than other groups to each resource.

In sum, we have found substantial evidence of inequality in access to
these resources as a function of social background and ethnicity. However,
thereisalso substantial variation across statesin the extent of inequality. While
some degree of both forms of inequality appears to exist in nearly al states,
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inequality is much more pronounced in some states than in others. Moreover,
the overall level of availability of each resource also varies from state to state.
While afine-grained analysis of state differences on all four resources would
be of interest, such a study goes beyond the scope of the current paper. How-
ever, we have suggested ways in which state differences might be examined.

The policy implications of these findings vary as a function of the re-
sourcein question. Whether aschool offersalgebrato eighth gradersisamenable
to direct influence by state and district policy. The key impediment to offering
algebrain agiven setting iscost. Itisgenerally more costly for smaller schools
than for larger schools to diversify their curricula. Similarly, hiring teachers
with serious college-level preparation in mathematics is under the direct con-
trol of policy, with cost again being a key impediment.

Constructing a favorable disciplinary climate, in contrast, is only par-
tially under the control of policymakers. Effective adult leadership in a school
setting is arguably the primary ingredient in creating such a climate, though
the active participation of students and parents is also required for success.
Skill, knowledge, and commitment are required, and there is considerable un-
certainty about how to foster the needed efforts. Similarly, a decision to
emphasize reasoning isin the hands of the teacher, depending on the teacher’s
knowledge, skills, and evaluation of student needs. Interventionsto encourage
instruction that emphasizes reasoning are currently widespread, but the out-
comes of such interventions are inevitably uncertain.

In sum, how information from a report such as ours ought to influence
the policy debate will vary as a function of the kind of resource in question.
Options for increasing access to certain resources must be evaluated in terms
of cost and feasibility. Our primary point, however, isthat systematically col-
lected data on access to key resources, as a supplement to reports of mean
proficiency, ought to constitute an important input into policy debates regard-
ing educational reform.

Methodological Implications

The educational resources considered here clearly constitute asmall sub-
set of those that ought to be studied. We have reasoned that the resources of
key interest arethose suggested by prior theory and research and operationalized
in NAEP. There should aso be some evidence that the NAEP indicator of the
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resource relates as expected to key educational outcomes. The logic of this
argument is to extend NAEP to include a wider range of possible resources
than are now included and to take some pains to insure that the resource indi-
cators achieve a modicum of construct validity. For example, it would be
extremely useful to field-test and validate student reports of multiple indica-
torsof student social background including parental occupation, and to construct
and validate ascalefor cognitive stimulation in the classroom based on student
reports. Linking NAEP data to indicators of neighborhood demographic char-
acteristics such as poverty concentration, housing density, and ethnic
composition would strengthen inference by allowing control for residential
context. And it would be exciting to include with NAEP a survey of teachersin
order to construct school-level indicators, based on teacher reports, of norma-
tive cohesion, expectations, collaboration, control, opportunities for learning,
and school-level academic press. The availability of denser data at the level of
the student, classroom, and school would provide a wider range of school re-
sources than can now be studied, leading to a richer characterization of the
association between student background and access to resources.

A promising avenue for future research is to develop more sophisticated
models to explain variation in access to key resources. School district wealth,
urban versus suburban versus rural location, school size, per pupil expendi-
tures, and school social composition may shape the probability that resources
will become available to a student; and studying such predictors may shed
light on impediments to increasing access and identify new targets for inter-
vention by policy. Our broad recommendation is that, as we assess student
progress in subject-matter proficiency, we also assess the extent to which the
education system provides resources that support such student progress.
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Moving Educational Research
Toward Scientific Consensus

David W. Grissmer
Ann Flanagan
RAND

Introduction

Educational research has been characterized, perhaps unfairly in recent
years, by the inconsistency of its research results and by alack of consensus
acrossits broad and multidisciplinary research community (Wilson and Davis
1994; Saranson 1990). The broad purpose of this conference is to help deter-
mine how we can improve the consistency and accuracy of resultsin educational
research so that we can build a base of knowledge widely accepted by this
diverse research community and, more importantly, by teachers, principals,
superintendents, and policymakers. To do so isadaunting task since education
isone of the most compl ex topics addressed by social science. Itisnot surpris-
ing that progress in this direction has been slow, given both the broad
interdisciplinary basis and the inherent complexity of learning.

We have proceeded with the hope that better nonexperimental data and
more sophisticated model specifications and estimation techniques will even-
tually bring consensus. In this paper we will suggest that simply improving the
kinds of nonexperimental data currently collected, along with the associated
statistical methodologies, will never be sufficient to achieve the kind of scien-
tific consensus needed to effectively guide educational policies.* Research shows
that the effects we are trying to measure are quite complex. They often appear
to be nonlinear, sensitive to contextual factors, moderately correlated among
themselves, and subject to selection bias within families and schools. More-

1 Support for this work came from the Center for Research on Educational Diversity and
Excellence (CREDE), the NAEP Redesign Research Program, the NAEP Secondary
Analysis Program, and Exxon Corporation.
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over, some achievement effects are long-term, sustained long after an inter-
vention has stopped; and some fade after a few years. These results may be
only thetip of theiceberg, considering the complexity of the underlying devel-
opmental phenomena we are trying to understand.

This complexity places great demand on the quality of our data, the so-
phistication of our model specifications, and the accuracy of our estimation
techniques. One interpretation of the wide variation in measurements of the
effects of most factors affecting student achievement is that our data, model
specifications, and estimation techniques do not yet reflect much of thisinher-
ent complexity. When results vary, it is difficult to determine why one set of
results should be trusted over another, since practically every measurement
makes different assumptions or uses different model specifications and esti-
mation techniques. The wide variety of data quality, assumptions, and
specifications may introduce enough bias and randomness to produce incon-
sistent effects across different data sets and model specifications. In this case
the results should not be interpreted as “no effect,” but rather asinconclusive.

We suggest that three research approaches will be necessary to lead reli-
ably to research consensus: increasing experimentation, building theories of
educational process, and improving our nonexperimental anaysis. Further, we
believe that future data collection and research should be guided by a strategic
plan built upon experimentation. Such aplan would provide the necessary data
to build theories of educational processand improve our specifications of models
used in nonexperimental analysis.

Experiments—if well designed, implemented, analyzed, and replicated—
provide explanations that are as close to causal as possible in social science.
Such experiments can provide the most accurate results for the effect of a par-
ticular variable in a given context. Experiments can also play another, and
perhaps more important, role in social science research—namely, helping to
validate model specifications for nonexperimental data. A key theme of this
paper is that future experimentation and data collection need to be directed
toward both the building of theories and the improvement of our assumptions
in analyzing nonexperimental data. Inthelong run, policy analyseswill largely
be dependent on improving nonexperimental analysis since experiments can
never be counted on to solve all the complex and contextual effects present in
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education.? Therefore, improving our confidence in the model specifications
used with nonexperimental datais critical.

The mgjor thrust of this paper is to suggest that building scientific
consensus will require a coherent research strategy. This strategy must be
built upon increasing experimentation, developing theories of educational
process, and improving confidence in nonexperimental analysis, if we areto
achieve research consensus. In this paper we focusinitially on the broad lack
of agreement relating to the effects of educational resources and social and
educational policy on children. Thirty years of research with nonexperimental
data have led to almost no consensus on these important policy issues. We
then focus on a narrower question, namely, the impact of resources on
educational outcomes, particularly student achievement. This situation
presents an interesting case study where a consensus based on the results of
nonexperimental data once existed, only to be challenged recently by new
experimental and nonexperimental research.

We use the Tennessee class size experiment results to illustrate the pro-
cess of deriving “rules’ for model specification used in nonexperimental data
involving class size. We then illustrate the process of building theories of edu-
cational processrelated to class size effects and describe the role of such theories
in building stronger consensus. Finally, we specifically focus on implications
for the National Assessment of Educational Progress (NAEP) and other data
collections and more generally suggest directions for future research and de-
velopment (R& D) efforts to build a more solid foundation of knowledge for
educational policymaking.

Children’s Well-Being: The Ongoing Debate

Federal, state, and local governments spend approximately $500 billion
per year in social, educational, and criminal justice expendituresonthe nation’s

2 Large-scale experiments such as the Tennessee class size experiment can be costly and
take considerable time to plan, implement, and analyze. While more experimentation
seems essential to making progress in educational research, educational research will
probably never follow health research, where trials are needed for every new intervention
before implementation.
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children and youth (Office of Science and Technology Policy 1997).2 The
amount spent on children appears to have increased substantially over time
(Fuchs and Rekliss 1992), although there is debate about the magnitude of the
real increase in spending. Thus, an important set of public policy questionsis
associated with how effective this increased spending has been at improving
the well-being of our children. Besides increased investment, there have been
significant changes in families, communities, and schools that would be ex-
pected to affect children’s outcomes.

There is little scholarly consensus about the effects of expenditures on
children or the effects from changing families, communities, and schools. For
instance, scholars disagree about the impact of the War on Poverty and ex-
panded socia welfare programs (Herrnstein and Murray 1994; Jencks 1992);
they also disagree on whether increased school resources have raised student
achievement levels (Burtless 1996; Ladd 19964). There is disagreement about
the way communities have changed for black families (Wilson 1987; Jencks
1992) and whether the net effect on children of recent changes in the family
has been positive or negative (Cherlin 1988; Zill and Rogers 1988; Fuchs and
Rekliss 1992; Popenoe 1993; Stacey 1993; Haveman and Wolfe 1994, 1995;
Grissmer et al. 1994). There is more agreement about the effects of desegrega-
tion, although some dispute remains (Wells and Crain 1994; Schofield 1995;
Armor 1995; Orfield and Eaton 1996). Finally, many small-scale, intensive
early childhood programs appear to produce significant short- and long-term
effects, but there is disagreement about large-scale programs—how large the
effects from attending kindergarten and preschool are and how long these ef-
fects last (Barnett 1995; Karweit 1989). Recent evidence suggests that the
cost-effectiveness of early childhood programs can depend critically on the
characteristics of the targeted group, with significant net fiscal returnsfor some
groups, but not others (Karoly et al. 1998).

8 This estimate does not include the foregone taxes for deductions for children and day
care. Besides public sector spending on children, approximately $560 billion is spent in
the private sector on children, bringing the average public and private spending per child
to approximately $15,000 annually. This amount is estimated assuming the cost of
raising a child to age 18 to be approximately $150,000, with approximately 70 million
individuals between the ages 0-18. Thus, annual expenditures are $150,000 x
70,000,000/18 = $560 hillion. See United States Department of Agriculture (1997) for
estimates of the cost of raising children.
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Despite the lack of consensus among the educational research commu-
nity, dramatic changes are being proposed and are occurring in both social and
educational policies, based on perceptions that past policies have failed. For
instance, much of the movement toward more fundamental reform of public
schools arises from perceptions that massive increases in resources in grades
K—12 education over the last 25 years have resulted in declining—or at best
stable—student achievement (as measured by scores on the Scholastic Achieve-
ment Test [SAT] and NAEP scores) and that schools have particularly failed
minority students. If so, a solid case could be made for restructuring school
governance and incentive structures so that more effective utilization of re-
sources might possibly occur (Hanushek 1994; Hanushek and Jorgenson 1996).
However, new research is challenging this once widely accepted conclusion.

A Shifting Consensus: The Effects of
Educational Resources*

Until the early to mid-1990s, the dominant research position among so-
cia scientistswasthat school resources had littleimpact on student achievement.
This counterintuitive view dated from the “Coleman report” (Coleman et al.
1966). Influential reviews by Eric Hanushek (1989, 1994, 1996, 1999) aso
argued that evidence from over 300 empirical measurements provided no con-
sistent evidence that increases in school resources raised achievement scores.
It was suggested that akey reason for inefficiency in public schoolswas alack
of incentives (Hanushek and Jorgenson 1996).

However, it would not be surprising that some money was spent ineffi-
ciently, given that no definitive results emerged from educational research that
could guide policymakers. At worst—if past resources can be shown to have
had no effect on achievement—this finding can simply indicate the lack of
guidance by good R&D. The lack of acritical level of R&D funding and criti-
cal mass of high quality research may provide an explanation for inefficiency
just as persuasive as the lack of incentives (Wilson and Davis 1994).

4 The early sections of this paper draw heavily from four recent papers—Grissmer,
Flanagan, and Williamson (1998a); Grissmer et al. (1998); and Grissmer, Flanagan, and
Williamson (1998b); and Grissmer et al. (forthcoming). We have quoted liberally from
these papers without quotation marks.
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Hanushek’s original reviews did not group studies using the quality of
data and specifications, type of intervention, or student or grade level (1989,
1994). However, Hanushek refined his reviews, focusing on effects from per
pupil expenditure and pupil/teacher ratio reductions and disaggregating stud-
ies by grade level, level of aggregation, and model specifications (Hanushek
1996, 1999). These later reviews still indicated that subsets of studies provide
positive and negative coefficients in about equal numbers. One focus was on
studies using a production function framework where the previous year’'s test
scores were used as controls. These models were judged by many to be the
most likely to avoid bias. These models also showed balanced numbers of
positive and negative coefficients. These results strengthened the conclusion
that the nonexperimental evidence supported little effect from class size reduc-
tions or additional expenditures.

Subsequent literature reviews questioned the selection criteriaused in
Hanushek’sreviewsto choose studiesfor inclusion and the assignment of equal
weight to all measurements from the included studies. Two subsequent litera-
ture reviews (Hedges, Laine, and Greenwald 1994; Krueger 1999a) used the
same studies included in Hanushek’s reviews, but came to different conclu-
sions. One study used meta-analytic statistical techniques for combining the
measurements, which do not weigh each measurement equally (Hedges, Laine,
and Greenwald 1994). Explicit statistical tests were made for several variables
for the hypotheses that the results support a mean positive coefficient and re-
ject amean negative coefficient. The results concluded that, for most resource
variables, the results supported a positive relationship between resources and
outcomes. In particular, per pupil expenditures and teacher experience pro-
vided the most consi stent positive effects, with pupil/teacher ratio, teacher salary
and teacher education having much weaker effects.

A more recent literature review using the same studies included in
Hanushek’s reviews also concludes that a positive relationship exists between
resources and outcomes (Krueger 1999a). This review criticizes the inclusion
and equal weighting of multiple measurements from single published studies.
Some studies provided as many as 24 separate measurements due to the pre-
sentation of sets of results for many subgroups. Since the average sample size
will decline as subgroups increase, many of the measurements lacked the sta-
tistical power to detect policy-significant effects; and thus many insignificant
coefficients might be expected. Since the presentation of results for subgroups
isnot done uniformly across studies, and may even be dependent on the results
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obtained, Krueger (1999a) reanalyzes the datato determineif the inclusion of
multi ple measurements significantly affectsthe conclusionsreached. Hisanaly-
sisconcludesthat theinclusion of multiple measurementsisasignificant factor
in explaining the original conclusions, and that less weight placed on these
multiple measurements would lead to support for a positive relationship be-
tween higher per pupil expendituresand lower pupil/teacher ratio and outcomes.

A more comprehensive review of the literature prior to 1990 used meta-
analytic statistical comparison techniques, but searched awider literature and
imposed different quality controls (Greenwald, Hedges, and Laine 1996). All
theincluded studies used achievement as the dependent variable and measure-
ments at theindividual or school level only. The resulting set of measurements
utilized in the study included many measurements that were not included in
Hanushek’s studies and rejection of about two-thirds of the measurementsin-
cluded in Hanushek’s reviews.

The conclusions analyzing the set of coefficients from six variables (per
pupil expenditure, teacher ability, teacher education, teacher experience, pu-
pil/teacher ratio, school size) supported statistically the hypothesis that the
median coefficients from previous studies showed positive relationships be-
tween resource variables and achievement. However, the variancein coefficients
for each variable across studies was very large. Extreme outliers appeared to
be a problem for some variables, and the coefficients across studies appeared
to have little central tendency indicating the presence of nonrandom errors.

Thisreview also reported resultsfor measurements using different model
specifications (longitudinal, quasi-longitudinal and cross-sectional).® There-
sults showed that median coefficients changed dramatically for most variables
across specifications, with no recognizable pattern. Although few studies had
what were considered to have superior specifications (longitudinal studies),
the median coefficients for these models were negative for per pupil expendi-
ture, teacher education, pupil/teacher ratio, and school size. When the median
coefficients of studies having quasi-longitudinal studieswere compared to co-
efficients from the entire sample, results were similar for four variables, but
differed for the remaining two variables by factors ranging from 2 to 20. In the

5 Longitudinal studies were defined as those having a pretest control score, and quasi-longitudi-

nal was defined as having some earlier performance-based measure as a control. Cross-
sectional studies merely had SES-type variables included as controls.
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case of teacher salary, these studies provided a median coefficient indicating
that a $1,000 salary increase could boost achievement by over one-half stan-
dard deviation.

Thisreview utilized better screening criteriaand better statistical teststo
conclude that the overall evidence supported positive effects from additional
resources. However, the large variance in coefficients and the sensitivity of the
median coefficients to which studies were included provided little confidence
that the literature could be used to estimate reliable coefficients. In particular,
models thought to have superior specifications provided no more consistent
results and sometimes provided noncredible estimates.

Besides the argument from literature reviews, Hanushek made another
argument that seemed consistent with his conclusions. Measured in constant
dollars, expenditures per pupil doubled between the late 1960s and the early
1990s; however, NAEP scores at age 9, 13, and 17 showed no dramatic im-
provement in average reading or math skills during this period. We address
this argument next.

Interpreting NAEP Score Trends

Achievement scores are a particularly good measure of the changing en-
vironment for our children since research has shown that achievement reflects
the combined influence of families, communities, and schools. Significant
changes in the quality of our families, schools, and communities should be
reflected on achievement trends that are best measured by NAEP (Cambell et
al. 1996; Miller, Nelson, and Naifeh 1995; Mullis et al. 1993; Reese et
al. 1997).

The NAEP achievement scores collected from 9-, 13-, and 17-year-olds
since 1969 are the only nationally representative achievement scores available.
The primary purpose of NAEP has been to simply monitor the achievement of
American students; however, NAEP scoresareincreasingly being used to eval u-
ate the effects on youth from the dramatic changes in families, communities,
and schools, and from our nation’s educational and social policies—changes
that have taken place since the late 1960s. These changes include the follow-

ing:
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[l National efforts to equalize opportunity and reduce poverty that began
in the mid-1960s and continued or expanded in subsequent decades.
These efforts included federally funded preschools (e.g., Head Start),
compensatory funding of elementary schoolswith large numbers of low-
income students, desegregation of schools, affirmative action in college
and professional school admissions, and expanded social welfare
programs for poor families.

1 Changesin school attendance and school changesthat were not primarily
designed to equalize opportunity. These changesincluded increased early
schooling, greater per pupil expenditures, smaller classes, significant
changesin the characteristics of teachers, and systemic reforminitiatives.

] Changes in families and communities that may have been somewhat
influenced by efforts to equalize opportunity and reduce poverty but
that occurred mainly for other reasons. Specifically, parents acquired
more formal education, more children lived with only one parent, more
children had only one or two siblings, and the proportion of children
living in poverty rose. At the sametime, poor blacks concentrated more
ininner cities, while the more affluent blacks moved to the suburbs.

The 17-year-olds tested by NAEP in 1971 would have grown up in fami-
lies and communities and attended schools largely unaffected by the changes
cited above. However, those recently tested would have lived their entire lives
in families, communities, and schools reshaped by these policies. It would be
hard to take a position about the quality of our families, communities, and
schools and the effectiveness of social and educational policies that would be
inconsistent with the trends in the NAEP data.

Until recently, the NAEP scores were used only peripherally to address
these kinds of questions, partly because the more widely recognized (but fa-
tally flawed) SAT scores were used whenever test scores entered the public
debate. Onereason that SAT scores are used effectively in public debateisthat
the public appearsto baseits assessment of the quality of American schoolson
SAT scores (Grissmer forthcoming). Figure 1 shows the results of an annual
public opinion poll that asks adults to grade the nation’s schools. The percent-
age of adults giving schools an “A” or a“B” is graphed against changes in
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annual average SAT scores.® The data show that public opinion appearsto fol-
low the SAT trends.

Thewell-known flawsin the SAT scoresfor monitoring national achieve-
ment trends result from their self-selected sample (Advisory Group on the
Scholastic Aptitude Test Score Decline 1977; Koretz 1986, 1987; Rock 1987;
Grissmer et a. 1994). The scores are biased downward, not only because of an
increasing percentage of students taking the test but also because the students
making the largest achievement gains from 1970 to 1990—minority and dis-
advantaged students—are largely missed by the SAT because they do not go to
college. Ironically, if K—12 education improves, allowing more children to at-
tend college, the SAT scores will decline. Thus, SAT scores are probably a
perverse indicator of K—12 school quality.

The research community switched to analyzing NAEP data in isolated
studies dating from the mid-1980s. A steady stream of analyses from the late
1980s drawn from the NA EP data devel oped into more detailed analyses using

Figure 1. Comparing the trends in SAT scores with percentage of
adults giving schools a grade of “A” or “B”

SAT Score (mean of zero) Percentage grading school A or B (mean of zero)
f b SAT score

1 5 Percentage
— —e

j(5)
T ™ Nation at Risk report J
(15) 1 | I | | I | 1 1 1 | I | L (10)
74 76 78 80 82 84 86 83 90 92 94 96
School Year

6 The graph normalizes both variables to a mean of 0. The regression fit for the equation,
School grade = a + b (Average SAT score), givesb = .79 (t = 5.2), R-Squared = .56.
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new methodologies from the mid-1990s.” Early work took note of the large
gainsin black scores and the very small gainsin white scores, along with the
resulting convergence of the black-white test score gap. The contrast with fall-
ing SAT scores was noted. However, familiarity with this earlier
work—nbuttressed by the National Research Council (1989)—seemed to re-
main confined to a small group of researchers, and declining SAT scores
remained the dominant i nfluence among both the public and the research com-
munity.®

Starting in the early 1990s, analyses of the NAEP data began to provide
more detail about differences in trends among black, Hispanic, and white
students; differencesin trendsfor lower- and higher-scoring students; differ-
ences by age; and particularly differences by entry cohorts. The analyses
also attempted to explain the trends and the convergence in the black-white
test score gap.

Across ages and subjects, the largest gains in scores occurred for black
students; but significant gainswere registered by Hispanic studentsand lower-
scoring white students, with small gains or none registered by average and
higher-scoring white students (Hedges and Nowell 1998; Hauser 1998;
Grissmer et a. 1994, 1998; Grissmer, Flanagan, and Williamson 1998a). These
studies al'so noted the evidence that black gains were largely confined to a
group of about 10 cohorts born in the mid-1960s to the mid-1970s and enter-
ing school around 1970 to 1980. For later cohorts, black scores and the
black-white achievement gap have—for most age groups and subjects—re-
mained stable or declined.

The most striking feature of the NAEP results for blacks is the size of
adolescents' gains for cohorts entering from 1968-1972 to 1976-1980. These

7 See Hauser (1998) for a history of utilizing NAEP scores from 1984 to 1992. This period
included work by Jones (1984); Koretz (1986, 1987); National Research Council (1989);
Linn and Dunbar (1990); and Smith and O’ Day (1991). See Rothstein (1998) for along-
term history of achievement that extends through 1997. This paper draws from all of
these studies.

8  This phenomenon points to a second problem in attaining consensus in the educational
research community. While small groups of researchers with in-depth knowledge in a
subject may find consensus, it is quite another problem for this information to be
disseminated, accepted broadly, and commonly cited in most research. The diverse set of
journals and disciplinary boundaries make it difficult for narrow consensus to become
broad consensus.
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gains were 0.6 standard deviation averaged across reading and math. Such
large gainsfor very large national populations over such short time periods are
rare, if not unprecedented. Scores on 1Q tests given to national populations
seem to have increased gradually and persistently throughout the 20t century,
both in the United States and elsewhere (Flynn 1987; Neisser 1998). But no
evidence exists in these data involving large populations showing gains even
close to the magnitude of the gains made by black student cohorts over a 10-
year period.

Even in intensive programs explicitly aimed at raising test scores, it is
unusual to obtain gains of this magnitude. Early childhood interventions are
widely thought to have the largest potential effect on academic achievement,
partly because of their influence on brain development. Yet only a handful of
“model” programs have reported gains as large as half a standard deviation
(Barnett 1995). These programs were very small-scale programs with inten-
sive levels of intervention. Even when early childhood programs produce
large initial gains, the effects usually fade at |ater ages. Among blacks who
entered school between roughly 1968 and 1978, in contrast, the gains were
very large among older students and were not confined to small samples, but
occurred nationwide.

Beginning in the mid-1990s, finding the likely causes of these gains be-
came the focus of research. Part of the quest was to determine whether the
dramatic changesthat occurred in families during this period could explain the
gains. Utilizing data from several sources (Current Population Survey [CPS],
the National Longitudinal Survey of Youth [NLSY], and the National Educa-
tion Longitudinal Study [NELS]), one study devel oped a new methodol ogy to
estimate the size of the net expected gains from changes in eight key family
characteristicsfor 13- to 17-year-old test-takersfrom 1970-90 (Grissmer et al.
1994). The analysis required several assumptions—one concerning the stabil-
ity of family coefficients in achievement equations over time.® The results of
the analysis indicated that changes in the family would predict small positive
gainsin scores for al racial-ethnic groups and that these gains could account
for the smaller score gains among whites but could explain only about one-
quarter of the minority gains.

9 Evidence from Hedges and Nowell (1998) and Cook and Evans (1997) appears to support
fairly stable family coefficients over time.
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Another analysis using NAEP individual level data also concluded that
family effects could account for only one-quarter or so of black gains (Cook
and Evans 1997). This analysis relied on student-reported family characteris-
tics collected with the NAEP, but utilized a methodol ogy newly imported from
labor economics to attempt to partition the gains into those related to family
changes, changesin family structural characteristics, and those due to changes
between and within schools. If effects from changing family characteristics
are small, the likely remaining hypothesis for the black score gainsis school-
related, community-related, or related to yet unmeasured family characteristics.

Jencks and Phillips (1998) summarized research efforts focusing on the
black-white test score gap. Their book brought together a diverse set of schol-
ars to try to determine where consensus can be achieved on this topic and
where and what kind of additional research is needed.’® Three analyses re-
ported in the book look at the convergence and possible divergence of the
black-white score gap for cohorts born as early as 1950 (Hedges and Nowell
1998; Phillips, Crouse, and Ralph 1998; Grissmer, Flanagan, and Williamson
19984). Two of the studies utilize NAEP data as well as achievement and sur-
vey data from other studies. All agree that significant narrowing occurred for
cohorts born prior to about 1978—but no further narrowing occurred for later
cohorts.

Although the black-white gap for reading actually widened, Phillips,
Crouse, and Ralph (1998) concluded that the widening is not statistically sig-
nificant. Hedges and Nowell (1998) and Grissmer, Flanagan, and Williamson
(1998a) provided evidence that family changes may explain a part of the nar-
rowing. Further, Grissmer, Flanagan, and Williamson (1998a) observed that
the timing of the black gains by age group and region suggested two major
hypothesesfor the gains. Thefirst hypothesiswas based on changesin school -
ing—changing pupil/teacher ratios and class sizes, changing teacher
characteristics, and changing curricula. Changing pupil/teacher ratios emerged

1 In the process of achieving consensus, support for a continuing series of books dedicated
entirely to exploring the most important questions in education seems crucial. Besides
Jencks and Phillips (1998), Ladd (1996a) and Burtless (1996) are also good examples. In
these | atter books, the consensus might be characterized more by what is not known than
what is known.
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as a viable, but not completely satisfactory, explanation in other analyses
(Krueger 1998; Ferguson 1998).1

A second explanation emerged, more closely related to the changes en-
gendered by the Civil Rights movement and the War on Poverty. Such changes
could have direct effects related to school desegregation—particularly in the
South—and indirect effects caused by the perceived shift in the motivation for
and attitudes toward education of black parents and students stemming from
better opportunities for future schooling and jobs. An additional possible shift
from these efforts could have occurred in the behavior and attitudes of teachers
of black studentsthat resulted in increased attention and resources. Thetiming
of the black gains by age coincides with the broad-scale implementation of
such efforts, if the assumption is made that most of the effects would occur
only if students experienced these changes from the early gradesforward. The
large gains for minority and disadvantaged students, as well as the smaller
gains (or lack of gain) among average and higher-scoring white students, pose
a challenge to the thesis that the increased spending in education and social
programs aimed at these students was ineffective.

Analysisof NAEP scores appearsto be central to the debates about changes
in American families and schools, policies providing equal opportunity in edu-
cation, and the best way to spend investments in education and children. The
effective absence of these scoresfrom these national debates has allowed many
widespread beliefs to proliferate that seem to be at odds with the NAEP re-
sults. The NAEP data do not suggest that families have deteriorated since 1970.
Nor do they suggest that schools have spent money inefficiently or that social
and educational policies aimed at helping minorities have failed.

Instead, they suggest that family environments changed in positive ways
from 1970 to 1996, that the implementation of the policies associated with the
Civil Rights movement and the War on Poverty may be a viable explanation
for large gains in black scores, and that certain changes in our schools and
curriculum are consistent with NAEP score gains. While the NAEP scores

1 The timing of pupil/teacher ratio changes would suggest that score gains should have
started earlier and would affect white scores as well—leading to overpredicted white
gains. Further research to determine whether class size for black students fell more than
for white students might help reduce the overprediction of white score gains. This
overprediction would also be addressed if class size reductions were small or nonexistent
for more advantaged white students.



Moving Educational Research Toward Scientific Consensus 57

alone cannot reject the beliefs about deteriorating families and schools and the
ineffectiveness of social and educational policies, the advocates of such be-
liefs must provide an explanation for NAEP scores consistent with their
positions. The NAEP scoresfrom 1971 to 1988 generally support amore posi-
tive picture of our families, schools, and public policies;, however, trends in
black achievement since 1988 to 1990 have been more discouraging, and it is
critical to understand why these reversals have occurred.

Trends in School Resources

Research on NAEP scores shows that the increases were negligible only
for the higher-scoring white population, but substantial for black, Hispanic,
and lower-scoring white students. A second line of research using new data
and new methods of estimating “real” per pupil expenditures over time shows
that resource growth tended to occur where achievement gains were made
(Rothstein and Miles 1995).

A new method of deflating school expenditures, taking account of the
labor intensity of schools, showed that resources did not come close to dou-
bling ashad been indicated by the commonly used Consumer Price Index (CP).
Use of more appropriate indices for adjustment of educational expenditures
reflecting their labor intensity provides much lower estimates of real growth
(Rothstein and Miles 1995; Ladd 1996b).

Moreover, the new method—developed to assign school expenditures to
programmatic categories that could distinguish spending on different types of
students—showed that even this smaller increase overestimates the additional
resources available to boost achievement scores for regular students. A large
part of the smaller estimated increase went for students with learning disabili-
ties, many of whom are not tested.*> Another part also went for other socially

2 Thereis agreement that a disproportionate fraction of the expenditure increase during the
NAEP period was directed toward special education (Lankford and Wyckoff 1996;
Hanushek and Rivkin 1997). Hanushek and Rivkin estimated that about a third of the
increase between 1980 and 1990 was related to special education. NAEP typically
excludes about 5 percent of students who have serious learning disabilities. However,
specia education counts increased from about 8 percent of all studentsin 197677 to
about 12 percent in 1993-94. These figures imply that 7 percent of students taking the
NAEP tests were receiving special education resourcesin 1994, compared to 3 percent in
1976-77. This percentage is too small to have much effect on NAEP trends, but it should
in principle have had a small positive effect.
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desirable objectives that are only indirectly related to academic achievement.
Taking into account better cost indices, and including only the spending that
would have been directed at increasing achievement scores, Rothstein and Miles
(1995) concluded that the real increase in per pupil spending on regular stu-
dents was closer to 30 than to 100 percent.

These smaller additional expenditures for regular students are mainly
accounted for by lower pupil/teacher ratios, increased teacher salaries due to
more experienced and educated teachers, and compensatory programs that
would be expected to benefit minority and lower income students (Rothstein
and Miles 1995; Hanushek and Rivkin 1997). The key issue then becomes
whether these resource increases can plausibly explain any part of the pattern
of large black gains and the absence of white gains unaccounted for by family
changes. This pattern might be explained if black students received dispropor-
tionate shares of the additional resources or if black students benefited more
than white students due to similar increases in resources.*®

The Tennessee Experiment

Important new evidence for challenging the view that money doesn’t
matter comes from a large-scale experiment in Tennessee on the effects of
class size. The Tennessee experiment in education waslargely ignored for sev-
eral years by the wider research community, and only recently has been
reanalyzed and given its deserved prominence (Ritter and Boruch 1999). This
experimental research suggests that reductionsin class size may, in fact, have
more impact on disadvantaged and minority studentsthan on white students. A
quasi-experiment in Wisconsin that varied student/teacher ratio also provided
new evidence (Molnar et al. 1999).

The first experimental evidence on the effect of major educational vari-
ables camefrom aTennessee study on the effects of class size (Word, Johnston,
and Bain 1990; Finn and Achilles 1990; Mosteller 1995). About 79 schoolsin

3 A number of policies sought to shift resources toward minority or low-income students
during these years, including federal compensatory funding based on the percentage of
children in poverty, school desegregation, and court-directed or legislative changesin
state funding formulas toward minority and low-income school districts. However, other
factors operated over this time period that could have increased funding for middle- and
upper-income children as well. It is still unclear whether the net effect has been to
disproportionately shift resources toward minority and lower-income children.



Moving Educational Research Toward Scientific Consensus 59

Tennessee randomly assigned about 6,000 kindergarten students to class sizes
of approximately 15 or 23 students, and largely maintained their class size
through third grade. Additional students entering each school at first, second,
and third grade were al so randomly assigned to these classes making the entire
experimental sample approximately 12,000. After third grade, all studentswere
returned to standard, large-size classes through eighth grade. The studentsin
the experiment were disproportionately minority and disadvantaged—33 per-
cent were minority, and over 50 percent were eligible for free lunch.

Analysisof the experimental data shows statistically significant, positive
effectsfrom smaller classes at the end of each grade from K-8 in every subject
tested (Finn and Achilles 1999; Krueger 1999b; Nye, Hedges, and
Konstantopoul os 1999; Nye, Hedges, and Konstantopoul os forthcoming). The
magnitude of results varies depending on student characteristics and the num-
ber of gradesin small classes. Measurement of effect sizes from four yearsin
small classesat third grade variesfrom 0.25 to 0.4 standard deviation (Krueger
1999Db; Nye, Hedges, and Konstantopoulos forthcoming). The current mea-
surement of long-term effects at eighth grade show sustained effects of
approximately 0.4 standard deviation for those in small classes all four years,
but little sustained effect for those in smaller classes one or two years (Nye,
Hedges, and Konstantopoul os 1999). Short-term effectsare significantly larger
for black students and somewhat larger for those receiving free lunches.*

Questionswereraised whether theinevitable departuresfrom experimental
design that occur in implementing the experiment biased the results (Krueger
1999b; Hanushek 1999). These problemsincluded attrition from the samples,
leakage of students between small and large classes, possible nonrandomness
of teacher assignments, and schooling effects. Recent analysis has addressed
these problems without finding any significant bias in the results (Krueger
1999b; Nye, Hedges, and Konstantopoulos 1999; Nye, Hedges, and
Konstantopoul os forthcoming; Grissmer 1999). Itispossiblefor further analy-
sisto find a flaw in the experiment that significantly affects the results, but
extensive analysis to date has eliminated most of the potential problems.

4L ong-term effects have not been reported by student characteristics. Following the
experiment, Tennessee also cut class sizes to about 14 students per classin 17 school
districts with the lowest family income. Comparisons with other districts and within
districts before and after the change showed even larger gains of 0.35 to 0.5 standard
deviations (Word, Johnston, and Bain 1994); Mosteller 1995). Thus the evidence here
suggests that class size effects may grow for the most disadvantaged students.
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The Wisconsin SAGE (Student Achievement Guarantee in Education)
guasi-experimental study differed in several important ways from the Tennes-
see STAR experiment (Molnar et a. 1999). In the SAGE study, only schools
with very high proportions of free-lunch students were eligible for inclusion.
Assignmentswere not randomized within schools, but rather a presel ected con-
trol group of students from different schools was matched as a group to the
students in treatment schools. The treatment is more accurately characterized
as pupil/teacher ratio reduction since a significant number of schools chose
two teachersin alarge classrather than oneteacher in asmall class. The size of
the reduction in pupil/teacher ratio was slightly larger than the class size re-
ductionsin Tennessee.

Therewere about 1,600 studentsin the small pupil/teacher treatment group
in Wisconsin, compared to approximately 2,000 students in small classes in
Tennessee. However, the size of control groups differed markedly—around
1,300 students in Wisconsin and around 4,000 in Tennessee, if both regular
and regular-with-aide classes are combined. The SAGE sample had approxi-
mately 50 percent minority students with almost 70 percent eligible for free or
reduced price lunch.

The results from the Wisconsin study for two consecutive first grade
classes show statistically significant effects on achievement in all subjects
(Molnar et al. 1999). The effect sizesin the first grade are in the range of 0.1—
0.3 standard deviations. Thelower estimates between 0.1-0.2 occur inregression
estimates, while the raw effects and hierarchical linear modeling (HLM) esti-
mates are in the 0.2—0.3 range. While the estimates seem consistent with the
Tennessee study at first grade, more analysis is needed before the results can
be compared.

Learning From the Tennessee Experiment about
Model Specification

One of the problems with nonexperimental data analysis is that the re-
search community usually fails to completely list the assumptions that are
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required in any analysisto makethe analysis equivalent to experimental data.*®
Such listing of assumptions would make much more explicit the wide gap that
exists between experimental and nonexperimental data analysis.

Partly because there have been so few experimentsin education, we have
not paid much attention to their potentially critical role in shaping theories
about education, helping to correctly specify variables and models using
nonexperimental data, and specifying what data we should collect. If applied
to reliable experimental data, models used to estimate nonexperimental data
should be able to duplicate the experimental results. Krueger (1999b) suggests
that production functions with previous year’s score do not duplicate the Ten-
nessee effects except in the first year of smaller classes. This larger first-year
effect has been interpreted as a socialization effect.

The Tennessee results suggest several further specification issues. Firdt,
schooling variablesin one grade can influence achievement at all later grades, so
conditionsin al previousyears of schooling need to be present in specifications.
Second, a pretest score cannot control for previous schooling characteristics.
The Tennessee results suggest that two students can have similar pretest scores,
similar schooling conditions during a grade, and emerge with different posttest
gradesinfluenced by different earlier schooling conditions. For instance, despite
having similar schooling conditions in grades 4-8, relative changesin achieve-
ment occurred in those grades for those having one to two or three to four years
in small classesin K-3. Another way of stating this analytically is that effect
sizes at a given grade can depend on interactions between this year's schooling
characteristics and al previousyears characteristics.

The production function framework using pretest controls assumes that
any differences in pre- and posttests are captured by changed inputs during
the period. The Tennessee results suggest that coefficients of such specifica-
tionsare un-inter pretable froma policy perspective since the effect of achange
in resources during aperiod cannot fully be known until past and future school-

5 An excellent counterexample is Ferguson and Ladd (1996), which starts to describe the
conditions for a“gold standard” model and provides one of the most complete listings of
assumptions of any economic analysis. Raudenbush and Wilms (1995) and Raudenbush
(1994) also carefully outline the statistical assumptionsin two kinds of models used in
education. See also Heckman, Layne-Farrar, and Todd (1996) for an analysis that tests
and provides evidence of the weakness of the assumptions inherent in a certain kind of
model linking educational outcomes to educational resources.
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ing conditions are specified. Thus the answer to the question of whether a
smaller class size in second grade had an effect cannot be known until later
grades, and the answer will depend on what the class sizes were in previous
and higher grades.

Ancther interpretation of the Tennessee data is possible—namely, that
reduced class sizeis amultiyear effect whose precise pattern is dependent on
duration. Being in asmall class not only raises short-term achievement in the
current year, but also has an effect in succeeding years. Then the effect in first
grade consists of aresidual effect from kindergarten plus an independent first
grade effect. The second grade effect is the sum of the residuals from kinder-
garten and first grade, plus an independent second grade effect. Thisexplanation
would account for the increasing effect with more yearsin small classesin the
K—3 years—but would also account for the pattern after return to larger classes
after third grade. Clearly thereisresidual, and continuing, effect from having
attended smaller classesin grades K—3. However, the permanence of the effect
depends on duration, indicating the effects are not simply additive.

Conceptually this makes the effect of class size reductions resemble a
human “capital” input that can change output over all future periods, and mod-
els specifying the effects of capital investments may be more appropriate.’®
Production functions generally assume constant level s of capital, but children’s
human “capital” is probably constantly changing and growing.

From the standpoint of child development, these results are consistent
with the concepts of risk and resiliency in children (Masten 1994; Rutter 1988).
Children carry different levels of risk and resiliency into a given grade that
appear to interact with the schooling conditionsin that grade to produce gains
or losses. For instance, four years of small classes appear to provide resiliency
against later larger class sizes, whereas one year or two years do not.

Few, if any, previous studies haveincluded variablesfor prior years school
characteristics from elementary school. At the individual level, virtually no
longitudinal datafrom kindergarten were available. At more aggregate district

6 Production functions are typically applied to model complete growth cyclesin agriculture
or other areas. We have tried to apply it to much smaller increments of growth in children
by using pre- and post-test results. Production functions may have done less well in
earlier studies predicting weekly plant growth as oppused to the complete cycle of growth
over a season.
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and state levels, data are usually available describing average characteristics
for earlier years, but were probably seldom used.

Since most data sets at theindividual level, such asNELS, do not contain
the previous year’s history for grades K-8, they cannot be used to estimate
class size effects under this hypothesis.t” Probably most previous measure-
ments at the individual level have not had such data, and this might explain the
downward biasin results. However, model s using aggregate data have more of
achance at being able to include previous history—on average—for students
in the sample. For instance, at a school district level, data would be available
on class sizesin previous years. If no in-migration and out-migration occurs,
then the average class size for district students can be determined for previous
years. Migration will weaken the validity of these estimates, which means that
higher levels of aggregation (state level data) will likely capture more accu-
rately the historical class size for studentsin the aggregate sample.

The usual tendency for researchers is to trust the results of individual
level analysis more than those of aggregate level analysis. This trust arises
from several factors: larger sample size, more variancein variables, and some-
times more detailed family data. However, individua level analysisis to be
preferred over aggregate level only if the quality of variablesis equivalent. If
aggregate level data can better capture accurate historical information, then
these estimates may produce better results. Another implication is that our
data collection efforts should focus on longitudinal datafrom early years. Use
of longitudinal data beginning at or prior to school entry can sort out some of
the specification problems that may exist in previous analyses.

There are two new sources of such longitudinal data that will include
school, teacher, and family characteristics and achievement data. First, there
are the newly emerging longitudinal state databases that link student achieve-
ment across years. Such data have very large sample sizes, and linkages are
possible with teacher data and school characteristics. These datawill be better
ableto address some of the potential specification issuesinvolving dependence

17" The current year's class size will work if it is highly correlated with all past years' class
sizes. However, at the individual level it seems likely that the random elements that
determine year-to-year class size—including in-migration and out-migration and
decisions when to create additional classes—would not make this year’s class size a
particularly good predictor of previous years' sizes, particularly over many grades.
However, this correlation should be explored.
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of later achievement on the previous year’s class size aswell asthresholds and
interactions with teacher characteristics. It may also be possible to determine
class size effectsin later grades as well asin early grades. The second source
will be the Early Childhood Longitudinal Study (ECLS) funded by the U.S.
Department of Education, which will collect very detailed data on children,
their families, and their schools. These data will be much richer in variables,
but much smaller in sample size than the state data sets.

A Weak Test of the Hypothesis Using State
NAEP Data

Analysis of state NAEP scores is providing preliminary supportive evi-
dence that certain state policies do matter in improving scores, that minority
and disadvantaged students show the most gain from increased resources, and
that the distribution of key resources isinequitable (Grissmer et al. forthcom-
ing; see also Raudenbush in this volume).

We have used the state NAEP data for the seven reading and math tests
given between 1990 and 1996 at the fourth or eighth grade level to test two
hypotheses:

O whether aggregate state results provide estimates of pupil/teacher ratio
that are in reasonable agreement with the Tennessee class size effects,
and

O whether these results change when we utilize a pupil/teacher ratio
variable incorporating only the current year of the NAEP test vs. the
average of all previous yearsin school.

Estimates have been made using the 271 average state scores in equa-
tions controlling for the effects of different family and demographic
characteristics of students across states (Grissmer et al. forthcoming). We have
utilized three different ways of controlling for family characteristics at the state
level. We have supplemented the NAEP family characteristics with Census
data to derive more accurate family variables than those provided by NAEP
(Grissmer et al. forthcoming). We have also utilized SES-like variables de-
rived from the NELS and Census data. We found little difference in results
across these family measures.
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We used a random-effects model and estimated with the generalized lin-
ear estimator with exchangeable correlation structure, which takes account of
the lack of independence of state observations across tests (produces robust
standard errors), the unbalanced panels, and heteroskedascity. We also have
made estimates with generalized | east squares and maximum likelihood, achiev-
ing almost identical results.

In the equations linking average state scores to family and state educa-
tional characteristics, we included four educational variables that account for
95 percent of the variance in per pupil spending across states. These variables
are average teacher salary, pupil/teacher ratio, teacher-reported adequacy of
resources, and percentage of studentsin astatein public prekindergarten.® We
found the expected signs and statistical significance for pupil/teacher ratio,
teacher-reported resources, and prekindergarten participation. We found insig-
nificant results for teacher salary.

The pupil/teacher ratio effect in this model would predict arise of about
0.14 standard deviation for reduction of eight pupils per class (approximately
the size of the Tennessee class size reductions). Thiseffectismarkedly smaller
than the reported Tennessee class size effect of around 0.20-0.25. However, if
we include in our models an interaction term allowing larger pupil/teacher
effects for states with more disadvantaged students, we find markedly larger
effects for states having more disadvantaged students. The Tennessee experi-
mental sample contained a disproportionate percentage of minority and free
lunch students, compared to all Tennessee students (Krueger 1999b). If we
take into account the characteristics of the Tennessee sample and the interac-
tion effect, the equations would predict a class size effect for the Tennessee
sample that agrees with the actual effect.

We have tested whether results for pupil/teacher ratio differed in our data
set when the variables were defined using pupil/teacher averages during time
in school vs. pupil/teacher value in the year of the test only. We use the state
average pupil/teacher ratio during all yearsin school, the average during grades
1 through 4, and the value in the year of the test. The estimates for these vari-

8 We used a pupil/teacher variable rather than class size, since data were only available by
year by state for the pupil/teacher ratio. While the two are highly correlated, one cannot
necessarily assume that reductions in pupil/teacher ratio and class size would produce the
same effects.
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Table 1. Comparing Three Pupil-Teacher Coefficients That Incorporate
Differing Information about Previous Grades

Random effect Fixed effect
Variable coef t-value coef t-value
Average P/T during school years -0.015 -2.41 -.014 -1.16
Average P/T in grades 1-4 -.020 -2.69 -.026 -2.60
P/T in year of the test -.008 -1.32 .014 1.57

ables are shown in table 1 for random and fixed effect models. The results
show that including current year pupil/teacher ratio instead of information from
previous years causes the coefficients generally to weaken in both random and
fixed effect models and to change signs in one model.

The Investments That Do Matter

Thelong debate about the role of resourcesin education hasfinally shifted
from whether money does matter to what kinds of investments do matter for
what kinds of children. The earlier conclusions drawn from reviews of the
nonexperimental literature (Hanushek 1994)—that money has not mattered
dueto theinefficiency of our public school system and itslack of incentives—
appear flawed. Over the last 25 years, money invested in schools for regular
education students has gone mainly to develop programs targeted at minority
and disadvantaged youth, lower pupil/teacher ratios, and rai se average teacher
salaries. Evidence is emerging that at least two of these investments have paid
off for minority and disadvantaged students—Iowering pupil/teacher ratiosand
targeting resources to minority and disadvantaged children. However, at |east
part of the money used to reduce pupil/teacher ratio for students from families
with higher SES |evel s—the majority of students—may have been spent inef-
ficiently.

Still, the broad-ranging conclusions that money does not matter in edu-
cation without substantial changesin the existing structure of and incentivesin
public education are contradicted by experimental evidence and the results
presented here. Moreover, the evidence supporting these conclusions now ap-
pears to be based on poor model specifications. This leaves the more viable
hypothesis—that money does matter if invested in the right programs and tar-
geted toward minority and disadvantaged students (Grissmer, Flanagan, and
Williamson 1998b; Grissmer 1999).
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Implications for Future Methodology and Data Collection

We suggest several specific ways that data and methodology might be
improved, as follows:. building micro-level models of educational processes,
conducting more experiments, and improving NAEP data. For the latter, we
discuss such measures as using school district samples rather than school
sampl es, collecting additional family variables, improving children’sresponses
(especialy with regard to reporting levels of parental education), collecting
additional information from teachers, using state Census data to improve the
individual level variables, using supplementary datafrom the Census, and col-
lecting additional parent information.

Building Micro-level Models of Educational Processes

Theresults of either experimental or nonexperimental analysis are meant
to provide the material for developing theories of educational processes and
student learning that gradually incorporate wider phenomenain their purview.
Eventually, these theories should accurately predict the results of empirical
work and be able to make new predictions to guide future empirical work.
Theories by their very nature are more robust than any set of experimental or
nonexperimental studies since they incorporate results of multiple measure-
ments and incorporate research across levels of aggregation. However, little
theory building has been done in education.

Hierarchies exist in science whereby certain areas of science are derived
from and built upon the knowledge in more basic science. For example, the
science of chemistry relies partly upon basic knowledge in physics for expla-
nation. The science of biology is partly built from knowledge of chemistry;
and, within biology, molecular biology provides some basis for the applied
science of medicine. Typically the ordering of these hierarchiesisderived from
the size of the basic building blocks studied. Physics studies elementary par-
ticles and atoms. Chemistry studies combinations of atoms. Biology studies
complex combinations of atoms with certain structures (genes, etc).

Education is far up in the hierarchies of socia science. It rests upon
knowledge derived from psychology, cognitive and brain science, genetics,
sociology, child development, psychopathology, and economics. It is one of
the more complex “sciences’ that depends on good basic science in the lower
hierarchies. Without linking the knowledge from these more basic sciences,
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educational research will never have a solid foundation. Educational research
needs to incorporate the findings of these more basic sciences in building its
theories, data collections, and methodologies. An example is the need to un-
derstand why smaller class sizes seem to produce higher levels of student
achievement and why the results are multiyear and can be either short- or long-
term.

Research directed toward measuring class size effects has generally
treated the classroom as ablack box in which only inputs and outputs are needed
and in which knowledge of the transforming processes inside are unimportant
for purposes of measurement. The current analytical methods also isolate the
cause and effects of class size reductions within precise time periods in away
that seems at odds with the more continuous, cumulative, and often delayed
effects that occur in children’s cognitive development. Reconciling the differ-
ences in experimental and nonexperimental evidence will probably require a
far better understanding of the underlying mechanismsoccurring in classrooms
and the developmental process in students that determine achievement.

In the case of class size, we heed atheory of classroom and home behav-
ior of teachers, students, and parents that answers why smaller classes might
produce higher achievement in both the short and the long term. Initially we
need to understand what teachers and students do differently in large and small
classes and then whether these differences can be related to the size of short-
term achievement. Perhaps the more difficult area of theory will be to explain
gains long after the end of an intervention. An early intervention either has to
change cognitive, psychological, or social development in important ways or
changethefuture environment (e.g., peers, families) that affectstheindividual.
Possibilities range from changes in brain development to learning different
ways of interaction with teachers and peers to devel oping different study hab-
itsto being in different peer groups years later.

Answering these types of questions not only requires different types of
data collection, but also requires understanding much about psychology, child
development, and individual behavior (teacher and student). We provide some
simple examplesin the appendix at the end of this paper of the types of model-
ing and data collection that spring from alternate hypotheses about why smaller
class sizes work.
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One type of theory-building would use time on task as a central organiz-
ing concept in learning. A secondary concept involves the productivity and
optimal division of that time among the different alternatives. new material
through lectures, supervised and unsupervised practice, periodic repetition, and
review and testing.® Students have a wide variance in the ways they spend
time in school and at home, and it is likely that home time can substitute for
specific types of teacher time.

Some research suggests that significant differences may exist in the
amount of instructional time and the ways in which it gets used across differ-
ent types of classes and different teachers and by students with different
characteristics (Molnar et a. 1999; Betts and Shkolnik 1999a; Rice 1999). A
theory of learning needs to be developed that incorporates school and home
time and the various tradeoffs and differences that exist across teachers, class-
rooms, and SES levels. Such a theory would generate a number of testable
hypotheses for research, which would then allow better and probably more
complex theories to be developed. Such theories would then provide guidance
asto what research isimportant to undertake.

Such theory-building would mandate linking several disparate and iso-
lated fields of research in education. Thereismicro-research involving timeon
task, repetition, and review in learning specific tasks. There is research on
teachersin classrooms. Thereis research on homework and tutoring. Thereis
research on specific reading and math instructional techniques. There is re-
search on class size and teacher characteristics. Theorists can begin to understand
these disparate areas and suggest theories that can explain the empirical work
across these areas. Such linkages seem essential to future progress.

Finally, cognitive development may have patterns of devel opment simi-
lar to other areas of development in children, since brain development seems
to be central to each type of development. There is much research on patterns
of physical, emotional, and social development in children from birth, differ-
ences across children, delays in development, and dependence on previous
mastery. Studies involving long-term developmental outcomes—especialy
for children at risk—identify resiliency factors that enable development to oc-

9 This approach is best exemplified in Betts and Shkolnik (19993, 1999b) and Betts (1997).
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cur even in highly risky situations. Much can be learned from this literature
that can help prevent researchers from making poor modeling assumptions.

Need for Experiments

A major question raised by many other researchers, and currently under
discussion, is the role of experimentation in educational research and other
areas of social science (Burtless 1993; Boruch and Foley 1998; Boruch 1997,
Hanushek 1994; Heckman and Smith 1995; Ladd 1996a; Jencks and Phillips
1998). Many interesting and complex issues arise in thinking about future ex-
perimentation, but consensusisemerging on the need for more experimentation
in education.

Certainly, the value of the Tennessee experiment suggests that a selected
number of socia experiments may considerably add to our consensus know!-
edge in education. Besides the accuracy of the direct results, experiments tell
us how to get more reliable results from nonexperimental data. Although ex-
pensive to carry out, experiments may be cheap compared to the costs of
ineffective educational policies.

However, experimentation is much easier in smaller settings than in the
classic, large-scale social experiments such as that produced in Tennessee. A
very simple set of experiments could be designed around classroom- and school -
level variables that would be much easier to carry out, yet could provide a
better underlying base of information on which to build educational theories.
For instance, simple experiments that divide children who miss a particular
test question into two remediation groups with retesting could help locate the
cause of missed questions and help devel op efficient methods of remediation.

Improving the NAEP Data

The NAEP dataare becoming so central toissuesin both educational and
social policy that priority should be given to significant expansion and im-
provement. We address two issues with respect to the NAEP data: (1) redesign
of the sampleto be district- rather than school-based and (2) improving family
variables.

A School District NAEP Sample

The hypothesis suggested here implies that the lack of historical dataon
schooling variables may prove to be a barrier to unbiased results with indi-
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vidual level NAEP data. Here we focus on one option that would improve the
aggregate data analysis possible with NAEP data. If NAEP could become a
school district sample rather than a school sample, then historical data from
school districts (not available at the school level of aggregation) could be used
in the formulation of variables.

A district level samplewould also result in improved family variablesin
NAEP data, since Census data would be available for most school districts.
Currently, family variablesin NAEP cannot be improved with Census data at
the school level because privacy concerns prohibit their use within school ar-
eas. A school district sample would also address another NAEP
deficiency—namely, the absence of several educational policy variables not
available at the school level, such as per pupil spending. A much wider and
better defined set of educational policy variables is readily available at the
school district level and isalready collected. Thus, aschool district, rather than
school level, NAEP sample would be desirable from the standpoint of improv-
ing family controls and educational policy variables.

A straightforward random sample of students at the district level would
involve additional administrative costs, because the districtwide student uni-
verse would be needed and administration of tests would have to occur across
many schools or involve assembling students from many schoolsin a central
location. Such a sample would also have the disadvantage that, while Census
and educational policy data would be available at the district level, certain
school level characteristics obtained from student data at the school level would
be missing. For instance, the school level sample of students is often used to
define the characteristics of peers and their families. So a trade-off would oc-
cur with a district sample in that the educational and family characteristics
would improve, but lesswould be known about some of the local, school level
characteristics. Much of this missing school level data could probably be col-
lected using enrollment data availabl e at the school level. For instance, instead
of using the sample of 20 students per school to estimate percentage minority,
this figure would be obtained from schoolwide enrollment data.

Another change that would occur with adistrict sample would be that
the sample of teachers surveyed would increase substantially. Currently, atypical
classroom sample is 10-25 students, and a single teacher survey is collected.
In adistrict sample, there would be few students selected from the same class-
room, so the teacher samplewould approach more closely the size of the student
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sample. The larger teacher sample would have some advantages besides in-
creased size. The desired teacher variables are the characteristics of all teachers
of the students from the time they entered school. The current teacher sample
of one to two teachers per school, since it is a very small sample, is a very
weak proxy for the characteristics of teachers at the school or the characteris-
ticsof all previousteachers of the students. Obtaining amuch larger sampl e of
teachersat thedistrict level would provide abetter proxy for thekinds of teachers
likely to have taught in the district.

It may be possible to combine school level and district sampling to obtain
a reasonable sample for each. About one-half of public school districts have
fewer than 1,000 students and only one or two elementary schools per district.
Thus, thissampl e of school districtswould be closeto the size of aschool sample.
However, these districts constitute only about 6 percent of total students. At the
other end of the spectrum, there are about 300 districts with over 20,000 stu-
dents, which account for nearly one-third of al students. In these districts, the
number of schools ranges from about 30 to over 600. In most of these districts, a
district sample could be drawn based on samples of schools, with 5-10 students
per school. The remaining 60 percent of students are in school districts where
somelimited clustering by school could occur, but asound district samplewould
probably have to include students from most schools.

However, it may be feasible to design a joint district- and school-based
sample that samples fewer students per school. Such a sample would have
several analytical advantages. It would contain an additional hierarchy in the
sample—the district level, where extensive and better data exist on families
and schools. It could still contain school-based samples, but with fewer stu-
dents per school. It would also enlarge the number of teachers surveyed. Such
a sample design would, however, entail additional costs since more schools
would be sampled, district samples would require more effort at developing
universe files, and more teachers would be surveyed.

The question is whether the analytical advantage would be worth the ad-
ditional cost. To answer thisquestion, we suggest atwo-stagefeasibility analysis
in which a preliminary assessment by a group of statisticians and researchers
would be performed to see whether serious barriers exist, to develop prelimi-
nary cost estimates, and to better define the analytical advantage. This group
would either recommend a more detailed study and assessment or make the
judgment that the analytical advantage is probably not worth the cost.
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One of the chief advantages of moving to a district sample is that com-
parisons of scores could be made for major urban and suburban area school
districts. It is the urban school systems that pose the largest challenge to im-
proving student achievement, and being able to devel op models of NAEP scores
across the major urban school districts could provide critical information in
evaluating effective policies across urban districts. The sample sizeswould be
much larger than at the state level and could be expected to provide more reli-
able results than for states.

Improving Family-level Variables

The primary objective of NAEP has aways been seen asmonitoring trends
in achievement rather than explaining those trends. One result of this philosophy
is that few family variables have been collected with NAEP. Compared with
family data collected with other national achievement data or on other govern-
ment surveys dealing with children’'s issues, NAEP collects very few family
variables. In addition, the quality of the family variables collected has aways
been questioned sincethey are reported by the studentstested. The perception of
weak family variables may partially explain why NAEP scores have not been
utilized more frequently in research on educational and social policies.

We have compared the accuracy of NAEP family data with Census data at
the state level and analyzed the senditivity of our estimates with state NAEP data
with NAEP variables, Census variables, and SES variables formulated from par-
ent-reported NEL Sdata (Grissmer et al. 1998). Not surprisingly, wefind that NAEP
variablesfor race and family type (single-parent or two-parent) match Census data
well, once differences in the samples are accounted for. However, students sub-
gantialy inflate their parents’ education level at the college level. Fourth graders
report 58 percent of their families include a college graduate compared to 26 re-
portedin the Census, comparabl efiguresfor eighth gradersare 42 percent compared
to 25 percent in the Census. However, reports of “high school only” and “not a
high school graduate’ are much more accurate. Students appear to be unable to
distinguish between “some college” and “college graduate’—and individuas us-
ing NAEP data should combine these two categories when using the data.

There are several ways that the family variables can be improved in the
NAEP data collection. We describe six increasingly complex options.

Collecting additional variables from children. There are two variablesthat are strongly
significant in equations linking family characteristics and achievement that
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can be easily included and that children probably could report with some accu-
racy. Thefirst variableisfamily size (number of siblings), which should present
little problem for student reporting. The second is current age of mother. The
age of mother combined with the child’s age would enable the variable of age
of mother at birth to be computed. Some pretesting may be required to deter-
mine the method of asking these questions, but even reporting mother’'sagein
gross categories—five-year groupings—would be an improvement.

Recent research is finding that two-parent families with a stepparent do
not have similar effects as do two biological parents (M cLanahan and Sandefur
1994). The effects on children from a family including a stepparent appear to
be closer to single-parent effects than to living with two biological parents. So
information that could distinguish two-parent biological families from those
with a stepparent would be useful. Adding a question on whether the parents
aredivorced is one approach. Asking separate questions about living with each
parent is another approach.

One other variable that should be considered islocus of control. Locus of
control is derived from a set of questions focusing on the perceived ability to
affect life events. There are now more specific sets of questions that focus on
specific events or conditions such as school performance. Locus of control has
been collected in the NELS and NLSY data sets and is strongly statistically
significant in equations relating achievement to family characteristics after all
the common family characteristics are entered.

Improving children’s responses. It appears that students have the least knowledge
about post—high school education levels of parents. One hypothesisisthat chil-
dren have simply never asked parents about education level. Another is that
parents report inaccurate levels of education to children, somewhat inflating
their own level of education. In the former case, it may be possible to have
children formally or informally ask parents prior to the test. This could take
the form of a simple request before the test or a more formal written form for
the parents to fill out. Pretesting this approach could help determine which
hypothesis is causing the inaccuracy in reporting.

Collecting supplemental data from teachers. While individual level parental char-
acteristicsaredesirable, teachersof NAEP studentscurrently fill out an extensive
survey that could be used to obtain family information. Teachers currently do
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not provide information concerning the socioeconomic characteristics of their
students. Teachers could be asked several questions concerning the character-
istics of the groups of studentsin their classes that might improve the dataon
family characteristics. These questions would take the form of identifying per-
centages of the students that fall into various categories. Income levels would
probably be the most useful information. Giving teachers broad categories of
income could prove better than the category of free and reduced price lunch as
a control for family income. Items could include estimates for nearly all the
important family variables. Such information could be first collected on atrial
basisat low additional cost, perhaps for one year and utilized to see whether it
improves the models.

Using state census data to improve individual level variables. We have utilized Cen-
sus data to improve NAEP family variables at the state level. If NAEP data
were only to be analyzed at the state level, the Census data combined with
NAEP data could probably provide good estimates of all family background
variables. However, the rea value of NAEP data lies in the individual level
data, and direct Census data have not been available at that level. So similar
techniques cannot be used to directly derive school or individual level Census
estimates.

It is possible to improve some of the reported NAEP variables at the
school and individual levels by using the knowledge gained from state level
comparisons. State level comparisons provide information about the accuracy
of items such as parental education, and thisinformation can in alimited way
be used to impute better estimates to individual level variables. One simple
application of thisisto combine high school plus and college as a single cat-

egory.

Further regressions across states linking the NAEP and Census estimates
can provide information about how differences are connected to other family
characteristics. For instance, the errors in reporting family education may be
greater in states with high minority populations and lower incomes. This kind
of information may be useful to impute better values at the individual level
data. Such work would seek to better identify the types of studentswho report
accurate and inaccurate data. However, while this approach should be tried, it
would probably not result in dramatic improvements in the quality of indi-
vidual level data.
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Using supplementary data collection. The key information about family character-
isticsat the school level that would improve NAEP datamight also be gathered
directly from Census data. While privacy concernslimit the dataavailable from
Censusat individual levels, the U.S. Department of Education would probably
be able to obtain from Census data the school level population characteristics,
if school boundaries were available. This would have to be done in conjunc-
tion with the NAEP data collection by collecting school boundary dataon maps.
Many school districts may be sufficiently large to alow Census to provide
school data aggregated from the block level. This option should certainly be
explored with the Census Bureau, and its cost assessed. There are many com-
mercial vendors who can provide such data if given maps for specific
disaggregated areas. The relative cost of this option compared to the cost of
NAEP would be low.

The Census data could provide ailmost all theimportant background char-
acteristics at the school level. But it would only be for all families in the
area—not just the characteristics of families with fourth graders, for example.
But the data would be highly correlated. Such data also could not track well
the changes over time. Finally, the data would also be biased to the extent that
the student popul ation is not defined by specific geographical boundaries. But
the advantages of this method would be the relatively low cost and the ability
to provide a much richer set of characteristics at the school level.

Limiting parental data collection. Parental data collection for NAEP has always
been a politically controversial issue, so extensive data collection similar to
the type of collection performed on other U.S. Department of Education sur-
veysisprobably not feasible. The NELS, for instance, collects datafrom parents
in an extensive survey. We consider here the minimum level of information
which parents could provide that would enhance the NAEP data. The primary
reason for parental data collection isto strengthen the individual level datain
NAEP. A simple one-page form with no more than five items could solve the
major problem with NAEP family data. It would take no more than aminute or
two to fill out. It would ask for the key family background variables necessary
for achievement score equations that are not accurately provided by the stu-
dent. They include education level of each parent, family incomein categories,
and age of each parent. While amore extensive survey could certainly provide
useful information, this minimum level of information would allow consider-
ably more confidencein the use of individual level NAEP datawithout placing
an undue burden on parents or children.
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Summary

The interdisciplinary nature and the inherent complexity of educational
research contribute their own set of challenges, but an additional reason for the
lack of successin building consensusin educational research isthelow invest-
ment in educational R& D and more broadly on R& D on children. On average,
the nation spends approximately 2—3 percent of its gross domestic product for
R&D. However, this proportion is not uniform across sectors of the economy,
but can vary from lessthan 1 percent to approximately 20 percent (pharmaceu-
ticals and integrated circuits) (Grissmer 1996). Currently, we spend less than
0.3 percent of educational expendituresfor R&D, and less than 0.3 percent of
expenditures for children are directed toward R&D on children (Consortium
on Productivity in the Schools 1995, Office of Science and Technology Policy
1997). Compared to other sectors, thisisavery low investment in R&D. Per-
haps the reported problematical quality of educational R&D is partly due to
the insufficiency of funding, when compared to its inherent complexity
(Grissmer 1996; Wilson and Davis 1994; Atkinson and Jackson 1992; Saranson
1990). Alternately, the low funding level might reflect the poor quality of R&D.

Successful R&D is the engine that drives productivity improvement in
every sector of our economy. Thus, strong R&D in education is a prerequisite
to continual improvement in our education system and in our children’s well—
being. Without solid R& D, we will continue to go through wave after wave of
reform without clearly separating the successful from the unsuccessful . It is
difficult to see how American K—12 education can become world class unless
our educational R&D begins to build a more solid foundation of knowledge
concerning education. If R&D can begin to play the role that it doesin virtu-
ally every other sector of our economy, then continual educational improvement
can be taken for granted, just as continual improvement in automobiles, com-
puters, and life expectancy is now taken for granted.

2 |t is not that some reforms may not have been effective or had an impact on educational
outcomes. The history of student achievement and educational outcomes suggests that
scores have risen over long periods of time—and that students of a given era always seem
to outscore their peers of earlier eras (Neisser 1998; Rothstein 1998). Rather, R& D could
considerably improve the efficiency of the process of sorting the various reform initia-
tives and ensuring that the best are saved and the worst discarded.
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Appendix

Simple Process Models of Class Size Effects

We start here by devel oping some simple model s of the mechanism within
classrooms that might cause class size effects and follow the implications of
these assumptions on how we should specify modelsand why class size effects
might be expected to have fairly wide variance. We do this simply to show that
animportant link ismissing, alink that can guide us in specifying models and
interpreting results of previous studies. If class size effects are produced by the
kind of mechanismsassumed here, it impliesthat actual class size effects should
have awide variance and that some of the model specificationsthat were thought
to be best actually can provide highly biased results.

Reductions in class size must change processes that occur in the class-
room in order to have impacts on achievement. These differences in process
that occur within smaller classes appear to determine whether class size affects
achievement at all, whether effectsarelarge or small, and whether effectswiden
or stay constant over several grades (Murnane and Levy 1996). In addition, the
design of assessment instruments can determine whether class size effects are
present in measurements.

Unlesswe know what processes change and how achievement is assessed,
we cannot determine what model specifications and estimation techniques are
appropriate. Sincethe datato determine what processes changein smaller class
sizes are generally not collected, it will be difficult to sort out the reasons for
the wide variance in the previous literature. We will discuss some simple, but
extreme models to illustrate the point.

Demand for Teacher Individual Time

If we assume a “college professor” lecture model of classroom proce-
dure, where there is essentialy little or no interaction between teacher and
student either during or after class and administrative time is borne by teach-
ing assistants, then class size makes no difference. In this case, there is no cost
to the teacher in having more students in the class. Class size makes a differ-
ence only when we assume that some teacher time is taken up by individual
students—either through questions, special academic assistance, disciplinary
actions, or administrative time (grading homework). In this case, additional
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students add to the teaching workload. If teachers have afixed amount of time,
then adding students can result in lesstime for presenting material or lesstime
for student assistance. Thus, the size of the class size effect should depend on
the portion of time teachers spend dealing with individual students (in one way
or another) vs. time spent in general, lecture style instruction. In general, the
more students need individual time, the larger will be the class size effect—
other things being equal .

A second consideration isthe variance among different types of students
in requiring individual attention. A reasonable assumption here is that higher
ability students or those with higher levels of family resources (broadly de-
fined)—on average—will require less individualized attention. Essentially,
substitution is occurring between family resources and school resources. In
families with more resources, more of the students' academic and psychologi-
cal needs are addressed at home, requiring less attention at school. This can
include simple things such as hel ping with homework, enhancing learning op-
portunities, tutoring, and addressing the child’s behavioral problems. For lower
ability children or those with fewer family resources, more individualized at-
tention will probably need to occur at school in order for them to achievelearning.

Thus, one would expect that class size effectswould be larger for classes
with lower ability students or students with fewer family resources. This also
impliesthat there will be maximum class size levels (thresholds) that allow all
the productive individual attention required, and above which no further class
size effectswill occur. But thisthreshold will vary by level of family resources.

Teacher and Curriculum Decisions

A third consideration is the teacher’s reaction to scarcity of time. Teach-
ers continually make choices about how fast to proceed with the scheduled
curriculum, how much time to allow for slower students vs. faster students,
and how much time to put into individual instruction vs. lecturing. With more
students per class, these decisions become critical in determining whether class
size effects occur. One scenario is that teachers slow down the pace of instruc-
tion in response to time scarcity. Individualized instruction is maintained for
slower students, but lessmaterial iscovered for all students. So the net effect is
to cover less material for the school year for the whole class. Here, one might
expect to see class size effects for the higher ability students (less material
covered), but less so for those of lower ability.
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Another teacher strategy is to cover al the material throughout the year
(moretimelecturing) and spend lesstimein individual instruction with slower
children. Here, average class scores should shift downward in larger classsize,
but in a different pattern. Scores of higher scoring students would not be af-
fected, but lower scoring students would have lower scores.

A crucial consideration in measurement is how the curriculumis adjusted
the next year in response to these teaching strategies. If the effect of larger
classesisfailure to cover all the material for al studentsin the class, the next
year's curriculum may or may not include all the material. If the curriculum
accommodates this and starts where the previous year | eft off for each student,
then over many yearstherewill be an increasing gap between childrenin larger
and smaller classes, i.e., the size of the effect will depend on the cumulative
years in smaller class size. Thus, if smaller classes were instituted in grades
K-8, one would expect to see a widening gap with each grade.

On the other hand, the start of next year’s curriculum could begin uni-
formly for all studentsregardless of the amount of material covered last year. It
could be started at the point where the larger or smaller class sizes|eft off. If it
starts where the larger class sizes left off, then the gain from extra material
covered in the smaller class in the previous year is lost. Thus, no cumulative
effect is present, but a uniform score difference will be present each year. Es-
sentially the smaller classes will cover additional material each year, but the
gain from the previous year will be lost.

If the curriculum for all studentsis set where the smaller class sizes |eft
off—leaving a permanent gap in coverage for those in larger class sizes—then
whether the effect is cumul ative depends on the extent to which mastery of the
previous grade’s material is required to perform well in the current grade. For
subjectslike math and reading, earlier mastery is probably more essential, and
awidening gap would occur over several grades, i.e., the annual gap in mate-
rial coverage would cumulate, causing further deterioration in later scores. On
the other hand, in subjects like history or geography, where earlier mastery
may be less important, the previous year's gap plays no role in next year's
score, and a constant class size effect would be expected by grade.

Design of Assessment Instruments

Ancther consideration affecting the size of the measured class size is
how assessment tests are designed. Designers of norm-referenced assessment
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tests first sample students’ current knowledge at a given grade and develop a
battery of questions that attempt to span the entire domain. A set of questions
ischosen that provides a continuous range of question difficulty such that a
different percentage of children answers each question correctly. Some
guestions nearly all students answer, while some are included that only a
small percentage answer.

However, the domain of knowledge can depend on the size of classes
attended by students. It is possible in some circumstances to have extra mate-
rial covered by smaller class sizes included in assessments, while in other
circumstances the extra material will not be part of the test. For instance, if
testswere devel oped five years ago based on the then-existent domain of knowl-
edge, and class sizes have declined since that time resulting in more material
covered, the assessment instrument may not pick up the class size effect. Simi-
larly, if assessment instruments are designed with students in larger classes
prior to experimentation with smaller class sizes, then it is possible for the
effects of class size to be attenuated if the instruments do not reflect possible
additional material covered by smaller classes. In general, instruments designed
to measure students’ knowledge across several grades, rather than within each
grade, and “re-normed” more frequently will be less vulnerable to these kinds
of design effects.

Some Implications for Measurement and Specification

The above discussion illustrates that the size of the effect, its measure-
ment, and its interpretation can depend on what occurs differently within the
classroom when larger and smaller class sizes occur and on how assessments
are designed. It implies that actual effects could vary considerably depending
on different levels of student demand for individual time, teacher strategy, the
coordination of the curriculum (e.g., year to year by class size), the different
dependence by subject on previousknowledge, and assessment design. It would
not be surprising in our decentralized educational system that smaller class
sizesgenerate awide variety of teacher and curriculum responses. Thus, ambi-
guity of results may not be surprising. Moreover, we may never be ableto sort
previous studies into groups with similar classroom process controls because
the data along these kinds of dimensions were never collected for previous
studies. So much of the work with previous data collections lacking these vari-
ables may have to be discounted.
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The specifications of previous models have rarely taken explicit account
of expected effect differences by family resource levels or tested for whether
effects were constant or widened by grade. The latter consideration is critical
to determining how models should be specified. For instance, if the conditions
are present for aconstant rather than an accel erating gap by grade, value-added
models that control for previous years' test scores can show null effects of
class size even though effects are present each year (Krueger 1999b). Effects
would show up only in thefirst year in which class sizes were changed, but not
in subsequent years. Such models would pick up only grade-by-grade accel-
eration in score changes. Here, simple cross-sectional models by grade without
control for previous scores would show the total constant and cumulative ef-
fect to each grade.

The processes discussed above may or may not be the actual ones that
exist in classes to produce class size effects. They simply point to the need to
devel op theories of the mechanisms underlying class size effects and to collect
the datato test different theories. While alimited number of existing data sets
might be ableto start thisprocess, it isdifficult to see how definitiveresultsare
possible without more experimentation with more robust data collection on a
much wider set of variables. Only by sorting this out can we be confident that
models are specified correctly, estimation techniques are appropriate, and in-
terpretations are accurate.
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Response: Guidance for Future Directions
in Improving the Use of NAEP Data

SylviaT. Johnson?
Howard Univer sity

Theissues of how to meaningfully use state National Assessment of Edu-
cational Progress (NAEP) datato assess and improve student achievement are
thefoci of the Grissmer and Flanagan and Raudenbush papers. They are excit-
ing intheir ramificationsfor future research and policy directions. Thefollowing
discussion briefly describes NAEP and the whole idea of state-level data, then
proceeds to review these papersin the context of their value in providing strat-
egiesfor making these datamore useful and informative assessments of national
educational progress.

The assessment—as well as the improvement—of student achievement
has long been afocus of educational policy at the state and the national levels
and in the front lines of local school districts. With different emphases at dif-
ferent points in time, NAEP was originally designed as “the nation’s report
card” to provide information on student achievement in subjectswidely taught
in public schools, for the nation as a whole and for specific demographic and
geographic subgroups. However, in the first iterations of NAEP back in the
1970s, the regional subgroupswere large, each including several states. It was
not until the introduction of the Trial State Assessment (TSA) in 1990 that a
sampling and administration structure was developed which alowed for the
direct comparison of states with one another. Such between-states compari-
sonswere not the explicit intent of the program. Rather, the TSA wasintended
to alow each state to compare its performance with that of the nation as a
whole or perhaps with similar states in its own geographic region.

1 The author is Professor, Research Methodology and Statistics at the School of Education,
Howard University, and a principal investigator for the Center for Research on the
Education of Children Placed at Risk (CRESPAR), an OERI-funded research center. She
may be reached at Howard University, 2900 Van Ness Street NW, 116 Holy Cross Hall,
Washington, DC 20008.
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Actualy, theinvolvement of statesin NAEP isnot new. An association of
state educators, along with a core working group of the nation’s top psycho-
metrics scholars, were involved in the original conception and planning of
NAEP? They wanted to implement a national assessment program to docu-
ment student progress in a manner which would not pose a threat to
lower-performing district participation. To help ensure a low-key, relatively
nonintrusive assessment program, NAEP results reported the percent of stu-
dents who correctly answered each “exercise,” as the assessment items were
termed. Results were reported for geographic areas, and national samples of
studentswereidentified at ages 9, 13, and 17. NAEP currently assesses samples
of studentsin grades4, 8, and 11, but also reportstrendsfor both age and grade
for cross-sectional samples from about 1970 to the present. The initial trend
year varies according to the time at which trend samples were introduced in
each subject matter area (Campbell, Voelkl, and Donahue 1997).

In fact, the actual implementation of the Trial State Assessment hashad a
marked effect on how we measure student achievement. First, a motivational
effect seems apparent in the TSA scores. they are a bit higher than regular
NAEP scores. Second, certain states were anxious about their comparative stand-
ings; therefore, the “ multiple comparison charts” show which unagdjusted state
mean differences were statistically significant from one another, as well as
which differences were in the range of what would be expected simply due to
chance. In these tables, no adjustments were made for student and family char-
acteristicsor for school resources and teacher background differences, although
the importance of these factors certainly had been demonstrated in research
studies carried out by NAEP, aswell asin analyses of NAEP datain thelitera-
ture. The Raudenbush and the Grissmer and Flanagan papers both addressed
this problem of more meaningful use of state TSA datato assess student achieve-
ment, and both papers focus on the Trial State Assessment of NAEP. The data
are based on eighth grade mathematics proficiency estimates from the Tria
State Assessment.

Response to the Raudenbush Paper

In his paper, Raudenbush proposed a synthesis of state results by devel-
oping modelsthat include correl ates of student proficiency within and between
states. He began with a “Conceptual Model for State-level Policy Effects on

2 Persona communication from W. E. Coffman, 1975.
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Student Achievement” (figure 1), which shows state government acting on stu-
dent achievement primarily through its effects on school resources and home
backgrounds. His analysisthus began by using NAEP datato assessthe contri-
bution of school resources; e.g., school and teacher quality, and students’ home
background to student achievement. The analysis was done for each of the 40
participating states, thus providing within-state home and school correlates of
mathematics proficiency for eighth graders. He found asubstantial correlation
between socially disadvantaged or ethnic minority status, parental education,
and access to the key resources available for learning, specifically course-tak-
ing opportunities, positive school climate, qualified teachers, and cognitively
stimulating classrooms. He noted that these findings are similar to other find-
ingsintheliterature. Carrying thisanalysisto another level, Raudenbush found
considerable variation in the patterns of these correlations across the 41 states
participating in TSA. These findings provided estimates for the direct effects
of schools and teachers on student achievement while controlling for the cor-
rel ation between self-reported student background, school factors, and teacher
practices.

Raudenbush’s analytic approach offers far more useful information to
states than the conventional means from the NAEP TSA. By comparing states
on resources and educational opportunities, thiswork enablesthe examination
of possible changes in policy that are likely to positively influence student
achievement. This analysis utilizing hierarchical linear models demonstrates
that only a small amount of residual variance exists between states that is not
related to school resources and family background. It should be noted here that
thereisawiderangein the proportion of within-school variability within states,
which Raudenbush points out is also apparent across states. But the within-
state variation is worth the attention of individual states; and there is some
work in this area, for example, William Cooley’s paper on Pennsylvania
(Beckford and Cooley 1993), which examines school s with sizable numbers of
African American students in which these students score at or above the state
mean on achievement measures, and which also cites other relevant investiga-
tions into these questions.

Given the demonstrated importance of school resources to achievement,
the second part of the Raudenbush paper presented an examination of state
differences in school resources. Thiswork explores two questions: “Does the
distribution of school resourceslikely reinforce or counteract inequalitiesaris-
ing from home environment? Do states differ, not only in the provision of
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resources, but also in the equity with which they are distributed?’ Thisexami-
nation thus focused not just on resource differences between states, but also on
how equitably resources are distributed within states. These within-state re-
source differences were then examined, not only in terms of student
demographic background, but also in the interaction between resource differ-
ences, race-ethnicity, and parental education. Raudenbush’s analysis and his
illustrative plots (figures 4, 5, 6, and 7) show that the probability of access to
key resourcesis afunction of these background factors. Further, he found siz-
able differences attributable to student background, education, and ethnicity;
and these differences were associated with access to resourcesrelated to school
success. For example, factors such as teacher quality and experience, school
climate, whether or not a school offered algebra, and whether students were
assigned to math teachers who majored in math and who emphasized reason-
ing in their classroom instruction—these were related to success, aswell asto
the variables used as predictors in Phase | of the Raudenbush work. These
same variables, when examined across states, result in the ellipses (figures 8
and 9) that visually show the relative access to resources provided to African
American students. For example, figure 8 shows that in South Carolina and
Mississippi, having parents who are college educated offers only modest ad-
vantageto students, and the advantage is about the same for African Americans
and youth of other backgrounds.

The meaning and the utility of Raudenbush’sfindings and this methodol -
ogy for states and districts, and perhaps also for schools, are substantial. First,
the absence of large statistical differences between adjusted means should in
no way encourage statesthat they areto do little. The kind of action that would
be prompted from the states was a concern of the National Assessment Gov-
erning Board when it decided, when plans were made for reporting the 1990
results, to report unadjusted means only. Second, the Raudenbush analyses
clearly show the importance of accessto school resources for student achieve-
ment. In order to move toward equity for al students, these findings demonstrate
unequivocally that resource accessibility is akey factor.

In terms of the current “affirmative action” debate, these findings also
have important implications for many states, such as Florida and California.
First, can a state logically expect proportional representation by ethnicity on
college entry characteristics such astest scores and course-taking patternswhen
it has systematically limited access to resources available to students? Given
the demonstrated relation of resources to measured achievement reported in
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the Raudenbush paper, it would seem only logical that a state, in making col-
lege entrance decisions, should take into consideration the relative access it
provides to certain resources in elementary and secondary school. Such a pro-
cedure would need, certainly, a well-specified model and additional research.

Though the many issues are still in flux, reactions to affirmative action
are often far too simplistic in their conceptions of how the specific mecha-
nisms work in practice. Where race has served as a factor in the allocation of
skilled teachers and other education resources, whether by design or not, this
condition rai sesthe question of how this method of allocation hasto be consid-
ered when the measurabl e results of such allocations are evaluated.

The author’s broad recommendations should be noted here. If student
progress and subject matter proficiency are examined on ayear-to-year basis,
the extent to which the educational system (or even the school) differentially
providesresourcesthat support student progress should also be examined. This
isthe opportunity-to-learn concept. The soundly based but creative methodol -
ogy that isemployed in the Raudenbush work offers strong promisefor helping
us better understand how student background and resource access are interre-
|ated, aswell aswhen such access factors have been modified. Thelatter could
be examined by extending the analysis over time so that the progress of states
in modifying resource access could be followed and appraised. The author
suggested extending the collection of data by NAEP to measures of resources
and development indicators from these data. Such a direction seems logical
and important, but it stands in opposition to current plans to release results
more quickly and to collect fewer data from students, teachers, and schools
than has been done in the past.

How can states and schools use these findings? To begin with, they can
collect comparable data at the district and school levels so that the interna
allocation of resources is more completely documented. They can aso modify
teacher assignments to provide more equitable distribution of highly skilled
teachers, although such a goal may entail the need for financial incentives,
along with improving the facilities and working conditionsfor teachersin some
schools, and other strategies. For teachers, the range in access to everything—
from professional development to clean bathrooms—is very great across
schools, even in the same or nearby districts. State officials may lobby for
increased state support to remedy access problems: they could target selected
schools and districts, using these findings as a basis for the request. They may
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investigate how parental education operates to increase access to resources
and provide help to parent groupsin lower-access school sto devel op strategies
to bring about change for the better in their schools. They can recognize the
broad scope of the documented inequities and develop a broad-based strategy,
sustained over the long term, to simultaneously and progressively change the
inequities in resource alocation that are so widely spread among states, sys-
tems, and schools.

Response to the Grissmer and Flanagan Paper

In their paper, “Moving Educational Research toward Scientific Consen-
sus,” Grissmer and Flanagan assert the need to improve the consistency and
accuracy of results in educational research so that a basic knowledge base in
education can be built, one that can be accepted by a diverse research commu-
nity aswell asby educational practitionersand policymakers. The authors assert
that improving nonexperimental data, along with the associated methodol ogy,
may not be enough to achieve consensus. Rather, they contend that experi-
ments are needed and, further, that experiments should often employ models
such that the size of a given year’s effect can be viewed as dependent on the
current year’s and previous years' effects. These findings should then be used
to build micro-theories of educational process.

Grissmer and Flanagan dealt with theissue of the rel ation between school
resources and school achievement in two major examples. The first example
which they cite is the rapid change in NAEP scores of black students, espe-
cialy from 1970 to 1988 or 1990. In the case of black student progress in
NAEP scores, Grissmer and Flanagan gave credit to compensatory and devel-
opmental programs and school desegregation activities, but they did not offer
conjecture regarding the score declinesthat occurred starting from 1988 or1990.

The Tennessee class size study is well presented by Grissmer and
Flanagan; and the posing of asimple process model for these effectsisauseful
and important addition to the literature. The detail presented to amplify and
explain how teacher reactions to the scarcity or abundance of class time may
interact with student characteristics is thoughtful. Readers are encouraged to
take the time to examine that part of the paper carefully, asit provides further
support for the need of extensive data collection, either from teacher question-
naires, interviews, or classroom observations.
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Itisgood to seethe Tennessee class size experiment get the kind of atten-
tion toward implementation that it has deserved for someyears. Thislong-term
experiment received relatively little attention in the policy arena until recently,
but now seems to be getting wide notice. Certainly, the Tennessee class size
study has reached the ear of the President—it is, indeed, afactor in the call for
many new teachers across the nation. I nterestingly, the Tennessee study results
from collaboration between the historically black university, Tennessee State
University, and the State Department of Education, with important guidance
from a participant in this conference, Jeremy Finn. This well-designed study
made it possible to study the effects of smaller classes over time. Thus, it isan
excellent model for the kind of work that needs to be done to develop and test
theoriesin education.

In addition to their suggestions for extending and improving NAEP data
collections, Grissmer and Flanagan suggest improving NAEP by collecting
family characteristics at the school level, possibly using Census Bureau datato
augment NAEP. There are some states and other jurisdictions which have used
Census data and other federal reporting information to improve their estimates
for allocation of social and economic services. A major problem in this work
has been the adequacy of geo-coding (the coding of addresses and other loca-
tion information) in the files proposed for use to improve estimation. The
problem is especially severe in sparsely populated areas; namely, rural com-
munities, older urban industrial zonesthat havelost population with the closing
of plants, and small towns. A National Research Council panel has been exam-
ining problems of estimation of poverty in small geographic areas, and the
U.S. Department of Education, through the National Center for Education Sta-
tistics, isasponsor of thiswork. Working in close collaboration with the Census
Bureau, the panel has been operating for about 3 years, has published three
interim reports, and is working to complete a final report (National Research
Council 1999). Their findings should be useful in the improvement of param-
eter estimation for many forms of resource allocation.

Grissmer and Flanagan al so suggested aschool district samplerather than
aschool samplefor NAEP and the use of alongitudinal cohort. A district sample,
though more expensive to collect, might enable comparisons of scores for ur-
ban and suburban districts within metropolitan areas of similar size, though
thislevel of reporting is disallowed under current NAEP authorization. Now,
of course, prior to TSA, NAEP was a low-stakes testing program. Since com-
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parisons are now easily made between states, it is worth considering whether
we might facilitate between-district comparisons, if solid methodology that
gives consideration to resource allocation isused to interpret those differences.
Such a change would raise the stakes for State NAEP as well as for national
NAEP. Given the effect of other high-stakes testing programs and the funda-
mental role of NAEP as the nation’s report card, such changes should be
carefully reviewed.

The authors support the use of longitudinal cohorts. A longitudinal study
would involve identifying students or at least forming blocks at the school or
district level, but the advantages would need to be weighed along with costs.
NAEP currently examines trends by retaining a common core of test items
which are administered to cross-sectional grade level groups.

Conclusion

Now let us consider what these papers, taken together, tell us. Both stud-
ies point out the importance of a school’s climate and culture to discipline. In
our work at CRESPAR, the Center for Research on the Education of Students
Placed at Risk, an OERI-funded research center located at Howard University
and Johns Hopkins University, we are guided by a talent development model
recently articulated in an article by my colleague, Serge Madhere (1998; see
also Boykin 1996). Thismodel has anumber of points, the most important one
of which is that all children can learn, given adequate opportunity and that
their backgrounds and culture have strengths that can be built on to motivate
and encourage student learning. Learning is more a function of coherent in-
struction than of a child’s social origin. Motivation begets greater learning,
which begets greater motivation. Nurturing isthe key to motivation, especially
at difficult transition points.

Both of these papers offer creative methodol ogical approachesto the use
of state-level datafor school improvement and for theory building. Both dem-
onstrate the importance of resource allocation for student achievement and the
interaction between race and resources, and both imply proceduresfor increasing
proficiency among African American students. Both imply the need for more
complex NAEP data at the level of the student, the family, the teacher, the
school, and the state. This emphasis, however, runs counter to the current push
to simplify and speed up the data collection and reporting process. More com-
plex data require more complex consideration before devel oping conclusions.
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Both studies show the need to better understand the why’s and how’s of im-
proving student achievement. For example, how do teachers use time? When
they have more time per student, what are the features of resources that make
them effective in influencing achievement?

These are important directions for researchers and policymakers to con-
sider. Fortunately, there is much in these papers to help guide that progress.
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Understanding Ethnic Differencesin
Academic Achievement: Empirical L essons
from National Data

Meredith Phillips
University of California, Los Angeles

In 1966, James Coleman published resultsfrom the first national study to
describe ethnic differences in academic achievement among children of vari-
ousages. Sincethat time, we have made considerable progressin survey design,
cognitive assessment, and data analysis. Yet we have not made much progress
in understanding when ethnic differences in academic achievement arise, how
these differences change with age, or why such changes occur.? The purpose
of this paper isto highlight several reasons why we have learned so little about
these important issues over the past few decades. | begin by reviewing recent
research on how the test score gap between African Americans and European
Americans changesas children age. | then discuss several conceptual and meth-
odological issuesthat have hindered our understanding of ethnic differencesin
academic achievement. | raise these issuesin the hope that we will make more
progress toward eliminating the test score gap during the next decade than we
have during the last.?

1l usetheterm “ethnic” to refer to the major ethnic and racial groupsin the United States
(namely, African Americans, European Americans, Latinos, Asian Americans, and Native
Americans). Whenever the samples are large enough, | also consider variation within
these socially constructed categories (for example, differences between Mexican
Americans and Puerto Rican Americans).

2 | thank Robert Hauser, Larry Hedges, Christopher Jencks, Jeff Owings, and Michael Ross
for their comments on an earlier draft. | did not make all the changes they suggested,
however; and they are in no way responsible for my conclusions. Please direct all
correspondence to Meredith Phillips, School of Public Policy and Social Research,
UCLA, 3250 Public Policy Building, Los Angeles, CA 90095-1656 or
phillips@sppsr.ucla.edu.
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Does the Achievement Gap Change as Children Age?

My colleagues and | recently analyzed data from a number of national
surveysin order to estimate how the achievement gap changes as children age
(see Phillips, Crouse, and Ralph 1998). Answering this question can help us
understand the potential causes of the gap. Suppose, for example, that the black-
white gap did not widen at all after first grade, even among black and white
children who began school with similar skills. If that were the case, we might
concludethat families, communities, preschools, or kindergartenswere mainly
responsible for the gap. On the other hand, suppose that the black-white gap
did widen between the first and the twelfth grades, even among children who
started school with similar scores. If that were the case, we might conclude
that schools were mainly responsible for the gap. As it turns out, the “truth”
seems to fall somewhere between these extremes.

Cross-sectional Results

One way to describe age-related changes in the black-white gap is to
estimate the size of the gap in as many surveys as possible and then combine
these estimates. We have done this with the national surveys listed in table 1.
Figure 1a arrays the black-white math gaps from these surveys by age. The
lines around the estimates show their precision. We can also array these gaps
by year of birth, which shows the historical trend in the black-white math gap
(seefigure 1b). Because the black-white gap narrowed during the 1970s and
1980s, however, we need to make sure that age-related changes in the gap are
not confounded with historical changes. In order to disentangle the effects of
age from the effects of history, we estimated a multivariate model that con-
trolled for the historical trend while estimating the age-related trend.® Table 2
presents these results. It shows the following: the black-white math gap wid-
ens by about 0.18 standard deviations between the first and the twelfth grades;
the reading gap stays relatively constant; the vocabulary gap widens by about
0.23 standard deviations.* A gap of one standard deviation on the math or
verbal SAT is 100 points. Therefore, our cross-sectional resultsimply that the
black-white math and vocabulary gaps widen by the equivalent of just under 2

3 For details on the sample and analysis, see Phillips, Crouse, and Ralph (1998).

4 To obtain these estimates, multiply the coefficientsin the first row of table 2 by 12 years
of school.
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Table 1. Data Sets Used in Meta-analysis

Acronym Name Test Year(s) Grades Tested
EEO Equality of Educational Opportunity Study 1965 1,3,6,9,12
NLSY National Longitudinal Survey of Youth 1980 10,11,12
HS&B High School & Beyond 1980 10,12
LSAY Longitudinal Study of American Youth 1987 7,10
CNLSY Children of the National 1992 Preschool, K,

Longitudinal Survey of Youth 1,2,3,4,5
NELS National Education Longitudinal Study 1988,

1990, 1992 8,10,12

PROSPECTS  Prospects: The Congressionally-
Mandated Study of Educational

Growth and Opportunity 1991 1,3,7
NAEP National Assessment of Educational
Progress 1971-1996 4,8,11
Figure la.
Standardized Black-White Math Gaps, by Grade Level
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Figure 1b.
Standardized Black-White Math Gaps, by Year of Birth
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Table 2. Effects of Grade at Testing and Year of Birth on Black-White
Test Score Gaps

Dependent Variables

Mathematics Reading Vocabulary
(N=45) (N=45) (N=20)
Independent Variables 1 2 1 2 1 2
Grade level B .015 .002 .019
SE (.004) (.006) (.006)
Grades 1-6 B .051 -.011 .034
SE (.014) (.023) (.012)
Grades 7-8 B -.054* .016 .025
SE (.028) (.051) (.032)
Grades 9-12 B .021* .010 -.018
SE (.013) (.024) (.017)
Month of testing B -.011 -.007 .003 .000 .015 .011
SE (.004) (.004) (.005) (.007) (.018) (.018)
Year of birth before 1978 B -.014 -.014 -.020 -.020 -.010 -.011
SE (002)  (.002)  (.002)  (.002)  (.003)  (.003)
Year of birth after 1978 B .002* .004* .020* .018* .031* .039*

SE (006)  (.005)  (.009)  (.010)  (.011)  (.012)
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Table 2. Effects of Grade at Testing and Year of Birth on Black-White Test Score Gaps
(continued)

Dependent Variables

Mathematics Reading Vocabulary
(N=45) (N=45) (N=20)

Independent Variables 1 2 1 2 1 2
Longitudinal survey B -.039 -.043 -.069 -.063 -.346 -.273
SE (.033) (.033) (.047) (.051) (.157) (.161)
IRT metric B 175 .149 .159 174 .068 .000
SE (.033) (.035) (.046) (.051) (.082) (.088)
Intercept B .765 .653 746 792 .889 .833
SE (.034) (.054) (.056) (.092) (.049) (.057)
Adjusted R? .790 .815 .693 .680 .745 .806

NOTE: The dependent variables are standardized black-white gaps (i.e., (V_V-E)/SDT) computed
from the surveys listed in table 1. The actual data appear in table 7A-1 in Phillips, Crouse, and
Ralph (1998). Standard errors are in parentheses. The spline coefficients for grade level and
year of birth show the actual slope for that spline. The spline standard error indicates whether
the slope differs from zero. * indicates that the spline’s slope differs significantly from a linear
slope at the .05 level. Each gap is weighted by the inverse of its estimated sampling variance.
See Phillips, Crouse, and Ralph (1998) for details on the other variables in this analysis. See
pp. 118-19 of Pindyck and Rubinfeld (1991) for an introduction to spline (piecewise linear)
models. See Cooper and Hedges (1994) for details on the meta-analytic methods used in this
analysis.

SAT points ayear, or by 18 to 23 SAT points over the course of elementary,
middle, and high school.

These cross-sectional estimates have two advantages over longitudinal
estimates. First, the data span nearly al grade levels, from early elementary
school through late high school. No national longitudinal survey has ever tested
children over an interval spanning both elementary school and high school.
Second, because cross-sectional surveysdo not follow students over time, they
are less subject to attrition and thus tend to be more nationally representative
than longitudinal surveys. A problem with our cross-sectional results, how-
ever, isthat they combine data on children from different samples, who were
assessed on different, possibly incomparable, tests. Another problem is that
cross-sectional data cannot tell us whether the black-white gap widens among
children who start school with the same skills. That question, which is central
to the concern that schools may not be offering black and white students equal
educational opportunities, can be answered only with longitudinal data.
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Longitudinal Results

During the late 1980s and early 1990s, two national longitudinal surveys
assessed students multiple times as they moved through school. The National
Education Longitudinal Survey (NELYS) is the more familiar of these studies.
NELS is a large national survey that first tested eighth graders in 1988 and
then retested them in 1990 and 1992. Prospects, a survey of two cohorts of
elementary school students and one cohort of middle school students that be-
ganin 1991, islessfamiliar than NEL S becauseit isnot yet readily availableto
researchers. The Prospects data were collected mainly to evaluate the effec-
tiveness of Chapter 1 (now Titlel), but their secondary purpose wasto describe
yearly achievement growth during elementary and middle school. The young-
est of the Prospects cohorts was first tested at the beginning of first grade and
followed through the end of third grade. The middle Prospects cohort was first
tested at the end of the third grade and followed through the end of sixth grade.
The oldest cohort was tested at the end of seventh grade and followed through
the end of ninth grade.

In order to understand achievement growth over an interval longer than
four years, we have to piece together data from these different cohorts. My col-
leagues and | have used these data to estimate whether black children who start
out with the same skillsaswhiteslearn less over the school years.® Our estimates
are very impreci se because the Prospects sampling design was relatively ineffi-
cient and because we do not have data for every school year.® Nonetheless, our
results suggest that African American children fall somewhat behind equally
skilled white children, particularly in reading comprehension, and particularly
during the elementary school years (see figure 2).” Taken together, we estimate
that at least half of the black-white gap that exists at the end of twelfth grade can

5 See Phillips, Crouse, and Ralph (1998) for details.

6 Also, avery large percentage of the Prospects students left the study before the second
and third waves. When Phillips, Crouse, and Ralph (1998) compared cross-sectional and
longitudinal samples drawn from Prospects, however, they found that the mean black-
white gap differed by less than 0.05 standard deviations across all tests. And although the
longitudinal samples were more advantaged than the cross-sectional samples, racial
differencesin attrition were small and mostly involved regions of residence and urban-
ism. See chapter 3 of Phillips (1998) for more on nonrandom attrition in both Prospects
and NELS.

7 See Phillips, Crouse, and Ralph (1998) for a comparable figure using cross-sectional
data, aswell as for afigure that shows the imprecision of these predictions.
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Figure 2. Predicted Test Scores for Two Students, One Black,
One White, Who Both Started First Grade with True Math, Reading,
and Vocabulary Scores at the Mean of the Population Distribution
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be attributed to the gap that already existed at the beginning of first grade. The
remainder of the gap seems to emerge during the school years.

Thiswidening of the gap may not be attributable to schooling per se,
however. Because of summer vacation, students spend only 180 daysayear in
school. Because neither Prospects nor NEL S tested children in thefall and the
spring of each school year, it isimpossible to know how much of the gap that
emerges over the course of schooling should be attributed to schools and how
much should be attributed to summer vacations.®

In an ideal world, we would know precisely when ethnic differences
in test scores first emerge and how they develop during the preschool years.

8 Several other studies have examined summer learning patterns (e.g., Cooper et al. 1996;
Entwisle and Alexander 1992, 1994; and Heyns 1978, 1987). Further, Prospects tested
an unrepresentative subsample of studentsin the fall and spring of first and second grade.
| review these results later in the paper.
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We would also know how ethnic differences change both every school year
and every summer. Thisinformation would help usidentify the most important
reasons why African American and Latino children score lower than whites
and Asian Americans on math and reading achievement tests. Unfortunately,
we are hot close to knowing the answers to these seemingly basic, descriptive
guestions. Inthe remainder of this paper, | discuss several explanationsfor this
knowledge gap.

Why Do We Know So Little?

The most obvious reason why we have made so little progress on the test
score gap puzzle since 1966 is that most researchers have been reluctant to
study it. Rather than directly tackling this politically sensitive subject, most
scholars have tried to understand ethnic inequalitiesin academic skills by com-
paring socioeconomically disadvantaged students to advantaged students, by
comparing studentsin high poverty schoolsto thosein low poverty schools, or
by comparing urban students to suburban students. All these comparisons pose
interesting questions for social science. None, however, brings us closer to
understanding ethnic differences in academic achievement because ethnicity
does not overlap with social class and urbanism as much as most researchers
assume.

Table 3 illustrates this problem. It shows the magnitude of the black-
white test score gap among a national sample of eighth graders, according to
the education and income levels of their parents, as well as the poverty and
urbanism of their schools. If these other variables were adequate substitutes
for race, the black-white gap would disappear after these variables were taken
into account. The black-white gap does shrink, but it is still large within each
of these categories. More sophisticated analyses that simultaneously control
many family background variablesyield similar results (see Phillipset al. 1998).°
Racial and ethnic differences in test scores are not the same as SES differ-

9 Seealso appendix C of Phillips, Crouse, and Ralph (1998) for data on how much the
black-white gaps in Prospects and NEL S shrink after controlling a number of common
indicators of family background.
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ences. Therefore, if we want to understand and eliminate racial and ethnic
differences in test scores, we need to confront the problem directly.°

The results | presented on age-related changes in the black-white test
score gap illustrate that even when we decide to focus explicitly on ethnic
differences in academic skills, however, the available data are inadequate. In
order to improve our understanding of the development and causes of ethnic
differences in academic skills, supporters of educational surveys, such as the
National Center for Education Statistics (NCES), need to do the following:

[ Focus primarily on preschool and elementary school students rather
than high school students;

[] Assess at least a subsample of students in the fall and spring of every
school year;

] Maximize measurement variation within each survey;

1 Fund more than one survey of the same population at atime; and

[J Remember that, because education begins before formal schooling,
education surveys must also do the same.

| will elaborate on each of these pointsin turn.

The Importance of Early Schooling

Scholars who have studied ethnic differences in test scores have mostly
focused on adolescents.** Thisis amistake, for reasons that | will illustrate. It
is, however, a reasonable mistake—at least among quantitative scholars—be-

1 This does not mean, of course, that policies aimed at reducing the test score gap need be
targeted at specific racial or ethnic groups rather than at low-scoring students in general.
As Christopher Jencks and | argue in our introduction to The Black-White Test Score Gap
(1998), the best policies seem to be those that help both blacks and whites, but help
blacks more.

11 See, for example, Ogbu (1978 ), Fordham and Ogbu (1986), Kao, Tienda, and Schneider
(1996), Cook and Ludwig (1997), and Ainsworth-Darnell and Downey (1998). The main
exceptions are Doris Entwisle and Karl Alexander, the founders of the Beginning School
Study (BSS) in Baltimore, who continue to follow students who began first grade in
1982. Entwisle and Alexander’s (1988, 1990, 1992, 1994) studies have been the source of
most of our knowledge about the development and causes of black-white differencesin
academic achievement. Yet the BSS sample isrelatively small, does not include enough
schools to estimate between-school differences precisely, does not include L atinos or
Asians, and may not generalize to other samples, because white students in the Baltimore
public schools are not representative of white students nationally.
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Table 3. Standardized Black-White Test Score Gap among Eighth
Graders in NELS, by Parental Education, Income, School Poverty, and
Urbanism

Black-white gap on
a combined math
and reading test among
eighth graders

In the overall population: -0.80
Whose parents are:
High school dropouts or graduates -0.55
College graduates -0.85
Whose parents’ income is in the:
Bottom fifth of the distribution -0.53
Top fifth of the distribution -0.53
Who attend schools in which:
More than 40 percent of students are eligible for free or reduced lunch -0.57
Fewer than 5 percent of students are eligible for free or reduced lunch -0.65
Who attend:
Urban schools 0.89
Suburban schools -0.75

NOTE: The denominator of the gap is the weighted overall population standard deviation.

cause NCEShasnot, until very recently, supported surveys of elementary school
students. NCES has conducted three large surveys of high school students:
The National Longitudina Study of 1972 (NLS-72), the High School and Be-
yond survey of 1980 (HSB), and NELS. All the data and documentation from
these three studies are availabl e to researchers who agree to abide by specific
security provisions. Although the U.S. Department of Education has also sup-
ported two longitudinal surveys of elementary school students—the Sustaining
Effects Study of 1976 and the Prospects study—the main purpose of these
elementary school surveys was to evaluate Chapter 1, not to study learning
during elementary school. Neither data set is widely available to the research
community, and the quality of the data and documentation is much [ower than
in the high school surveys.*2

2 The main benefit of having conducted a new high school survey every 10 yearsis that the
designers of each new survey are able to learn from mistakes made in the previous survey.
The HSB improved on the NLS:72, and NEL S improved considerably on the HSB.
Prospects did not benefit much from the mistakes made in collecting the Sustaining
Effects data because the Sustaining Effects data were never widely available enough to be
subjected to close scrutiny. (The designers of Prospects did benefit, however, from
improvements in the high school surveys—NELS, in particular.)
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Lower Year-to-year Correlations

Two empirical factsillustrate why we need to focus on early schooling if
we want to understand ethnic differences in achievement. First, the correla-
tions between students' scores in one year and their scores in the following
year tend to be lower during elementary school than during high school, even
after correcting for measurement error (see table 4). In fact, year-to-year cor-
relations are so high during high school (0.98 for both reading and math after
correcting for measurement error) that hardly any students change their rela-
tive rank between the eighth and the twelfth grades. The lower year-to-year
correlations during elementary school imply that cognitive skills are most
malleable among young children and suggest that interventions aimed at chang-
ing students' skills may be most successful in the early school years.

Table 4. Year-to-year Correlations in Prospects and NELS

Observed True
Correlation Correlation
Prospects
Grade 1, Fall to Spring
Reading .49 .64
Math .67 .81
Grade 3, Spring to Spring
Reading .69 .75
Math 71 .80
NELS
Grade 8, Spring to Spring
Reading .90 .98
Math .94 .98

NOTE: Correlations are based on weighted data. They are disattenuated using the reliabilities
reported in the Prospects Interim Report (1993) and the Psychometric Report for the NELS:
88 Base Year Through Second Follow-Up.
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Lower Gain-Initial Score Correlations

A second, and related, reason to study achievement during elementary
school is that the correlation between children’s initial skills and how much
they learn asthey ageislower in elementary school than in high school. Every-
day empiricism often suggeststhat additional advantagestypically befall those
who are already most advantaged. Interms of cognitive skills, this*fan spread”
theory implies that students who have the best reading and math skills when
they begin school will tend to gain the most reading and math skills as they
move through school. Conversely, students who begin school with the fewest
reading and math skillswill tend to gain the fewest skills asthey movethrough
school. As students' skills diverge, their growth trajectories will come to re-
semble an opening fan.*?

Scholars have debated for decades whether fan spread applies to test
scores. For fan spread to occur, students' test score gains have to be positively
correlated with their initial scores. More than 30 years ago, Benjamin Bloom
(1964) argued in hisfamous study, Stability and Changein Human Character-
istics, that gainson awide variety of testswere uncorrelated with initial scores.
But many scholars dismissed his findings as a result of measurement error in
the tests (see, for example, Werts and Hilton 1977).1* David Rogosa and John
Willett (1985) have shown, however, that the relationship between gains and
initial scores depends both on the shape of individual growth curvesfor a par-
ticular skill and on the age at which researchers measure initial status on that
skill. The “true” correlation between initial status and gains can therefore
be negative, positive, or 0, depending on what the particular test measures and
when the children taking the test normally learn the skills that the test
measures.

Table 5 shows that, even after correcting for measurement error, the cor-
relations between gains and initial scores tend to be lower among elementary
school students than high school students. The true gain-initial score correla-
tions of around 0.50 during the first two years of high school indicate that the

18 The fan-spread phenomenon is also known as the Matthew effect, after the biblical “For
he that hath, to him shall be given... but he that hath not, from him shall be taken

away...."

4 Measurement error often creates a negative correlation between gains and initial scores.
Thisis because, if we measure gains by subtracting observed Time 1 scores from
observed Time 2 scores, the random error term in the Time 1 score appears with a
positive sign in the Time 1 score, but with a negative sign in the gain score.
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Table 5. Correlations between Initial Scores and Gains in Prospects
and NELS

Observed Gain, Initial True Gain, Initial
Score Correlation Score Correlation
Prospects
Fall of Grade 1 to Spring of Grade 2
Reading -.33 -.14
Math -.43 -.30
Spring of Grade 3 to Spring of Grade 5
Reading -.49 -.45
Math -43 -.36
NELS
Spring of Grade 8 to Spring of Grade 10
Reading -.09 .53
Math .06 A8

Spring of Grade 10 to Spring of Grade 12

Reading -.28 -.12
Math -.08 .23

NOTE: Correlations are based on weighted data. They are disattenuated using the reliabilities
reported in the Prospects Interim Report (1993) and the Psychometric Report for the NELS:88
Base Year Through Second Follow-Up and equations 11 and 13 in Willett (1988).

highest-scoring students at the end of eighth grade tend to gain the most during
ninth and tenth grade. This is, of course, exactly what we would expect if
students were tracked based on their math and reading scoresand if studentsin
higher-level math and English courses learned more math and reading skills.
But these results contrast markedly with those for elementary school.® The
correlations between true gains and true initial scores in Prospects tend to be
negative. This implies that students who start first grade with higher scores
tend to learn less between first and third grade than those who start first grade
with lower scores.

5 Note, however, that correlations between gains and initial scores are lower during the last
two years of high school, especially for reading. Jencks and Phillips (1999) found near
zero correlations between gains and initial scores in the High School and Beyond
(HS&B) during the last two years of high school. If the NELS and HS& B tests measured
all the skills that high-scoring students learn in the last two years of high school (e.g.,
calculus), the gain-initial score correlations might be as large and positive as they are for
the first two years of NELS.
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The negative correlation between gains and initial scores in Prospects
suggests that elementary schools may be structured (intentionally or not) to
help those children who have the weakest academic skills.* For example, first
grade teachers may focus more on teaching children how to read than on im-
proving the reading skills of those who already know how to read. Or perhaps
elementary school math textbooks are geared to bel ow average students at each
grade level, so that students with the weakest math skills are challenged the
most. Of course, reforms aimed at enriching the elementary school curriculum
may end up improving learning among the most highly skilled students, thereby
increasing the gap between high and low scorers.

Prospectsis not the only data set to suggest that elementary schools may
reduce rather than exacerbate the test score gap. Entwisle and Alexander have
reported similar results for the BSS (for a recent example, see Alexander and
Entwisle 1998). Because the black-white test score gap seems to widen more
during elementary school than during high school, because children’s scores
are less fixed during elementary school than during high school, and because
elementary schools may aready help reduce the gap between high and low
scorers, studies involving elementary school-age children are essential for un-
derstanding the devel opment of ethnic differencesin achievement. Fortunately,
NCES is funding the Early Childhood Longitudinal Study (ECLS-K), which
began collecting data on anational sample of kindergartnersin thefall of 1998.
The ECLS-K ismuch needed. One aspect of itsdesign, however, will severely
limit its contribution to our knowledge about ethnic differences in academic
achievement.

Measuring Summer Learning

The ECLS-K currently plansto test a 25 percent subsample of studentsin
thefall of first grade. For these children, the ECLS-K will be ableto distinguish
learning during kindergarten and first grade from learning during the summer

6 An alternative explanation for the low gain-initial score correlation in elementary school
isthat the elementary school tests do not measure the skills that high-scoring students
acquire during elementary school. Thisis almost certainly true. Yet, it must be more true
for tests administered during elementary school than for tests administered during high
school in order for it to explain why the gain-initial score correlations are so much lower
in elementary school than in high school. If elementary school children “outgrew” the
tests faster than high school students, then the lower gain-initial score correlations would
be a by-product of not measuring high-scoring students' skills, but such aresult would
manifest itself as a ceiling effect on the elementary school tests. The Prospects tests used
in the analysisin table 5 do not, however, show larger ceiling effects than the NEL S tests.
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following kindergarten. Yet learning during all other gradeswill not be separable
into school year and summer components. Thisisamistake because anumber of
studies, including the national Sustaining Effects study of the 1970s, suggest
that the black-white gap widens over the course of schooling primarily because
African American children gain less than white children during the summer
(Entwidleand Alexander 1992, 1994; Hemenway et a. 1978; Heyns 1978, 1987,
Klibanoff and Haggart 1981).2” The only recent national data that speak to this
guestion come from a nonrandom subset of Prospects students.?® First, consider
what wewould concludeif we had measured black and whitefirst graders’ learning
only at the beginning of first grade and the beginning of second grade. Thefirst
two columns of table 6 show that black and white children gain about the same
skills in reading, vocabulary, and math over the course of a year. But dividing
thisyearly interval into learning that occurs during the winter (when school isin
session) and learning that occurs during the summer (when school isnot in ses-
sion) yields a strikingly different picture of black-white differencesin learning.
The results show that, when school isin session, black first graders gain more
reading and vocabulary skillsthan whitefirst graders. Among studentswho start
first grade with the same skills, blacks gain more vocabulary skills than, and
about the same reading skills as, whites. But during the summer following first
grade, blacks gain fewer reading and vocabulary skills than whites, both overall
and among children who had similar skills at the end of first grade. The results
for math show a similar but weaker pattern. These results resemble those from
other studies (e.g., Heyns 1978, Entwisle and Alexander 1992, 1994). Suppose
we believe Phillips, Crouse, and Ralph’s (1998) estimate that about half of the
black-white gap is attributable to what occurs between first and twelfth grade.
Without data on summer learning, we will never know how much of the black-

17" The Sustaining Effects study was the first national longitudinal study to assess children’s
reading and math growth. In 1976, Sustaining Effects collected data on 120,000 studentsin
over 300 public schools throughout the country (Carter 1983). It then followed a subsample
of these students for three years, administering CTBS reading and math testsin the fall and
spring of each school year as long as the students remained in the same schools (Won, Bear,
and Hoepfner 1982).

8 See appendix table A (page 132) for a comparison between this subsample and the larger
cross-sectional sample. The subsampleis quite advantaged relative to the original sample
for reasons that remain a mystery to me.

¥ When Cooper and colleagues (1996) conducted a meta-analysis of the effect of summer
vacation on test scores, they did not find consistent racial differencesin summer learning.
They did, however, find that middle-class children gained more in reading over the summer
than lower-class children did. Cooper and colleagues explained that the lack of an effect of
race was probably attributable to the fact that most of the studiesin their meta-analytic
sample partially controlled for family income before examining race differences.
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Table 6. Black-White Differences in Reading, Vocabulary, and Math Growth
on the CTBS in Prospects: School Year and Summer Comparisons
Yearly Growth Winter Growth Summer Growth

(fall, grade 1 (fall, grade 1 (spring, grade 1
to fall, grade 2)  to spring, grade 1) to fall, grade 2)

Raw Residualized Raw Residualized Raw Residualized

Reading Comprehension

African American gain
relative to European

American 4.86 -4.97 19.59* 9.27 -14.73%  -20.47***
gain (7.18) (4.73) (8.47) (6.03) (6.73) (5.09)
Vocabulary

African American gain
relative to European

American 13.67 5.46 24.38* 15.63*  -10.71**  -9.77*
gain (10.22) (5.21) (10.68) (6.37) (3.66) (3.32)
Math Concepts and
Applications

African American gain
relative to European
American 5.51 -3.13 11.26 8.62 -5.75  -18.75%**

gain (8.33)  (6.21)  (9.37)  (6.77)  (3.88) (5.11)

NOTE: N=1,097. Numbers are unstandardized coefficients. Standard errors are in parentheses.
Residual gain equations are errors-in-variables regressions that also control prior reading
comprehension, vocabulary, and math concepts scores, corrected for measurement error using
the reliabilities published in the Prospects Interim Report (1993). All equations are weighted
using the 1993 weight, and all the standard errors are corrected for nonindependence within
school districts. All equations also include gender and dummies for Asian American, Mexican
American, Puerto Rican American, and other Hispanic students. See Phillips (1998) for more
details on the sample and for results for other ethnic groups.

white gap is attributable to what occurs during the school year and how muchis
attributable to what occurs during the summer.

We typically design new surveys based on sparse and contradictory evi-
dence, but the data on summer learning are too consistent to be ignored.?

2 Nonetheless, the summer learning results still leave a number of important questions
unanswered. We still do not know exactly how much of the widening of the black-white
reading gap occurs during the summer as opposed to the school year. Nor do we know
whether summersin early elementary school or later elementary school are most
detrimental to black children’slearning. Nor do we know how the relative contributions
of families, schools, and neighborhoods to students’ achievement change between the
school year and summer vacation.
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Summer vacations create a natural experiment that helps us begin to separate
the effects of schooling from the effects of families and neighborhoods. Tak-
ing advantage of this experiment requires that we assess students twice ayear:
once in the fall and once in the spring. Testing students twice a year is expen-
sive and imposes a considerable burden on students and schools, but testing
students only once a year or once every two years is largely a waste of re-
sources because it confoundswhat are potentially separable causes of differences
in children’s learning. A better alternative would be to randomly select mul-
tiple subsamples of students who would be tested twice ayear. In the case of
the ECLS-K, for example, one random subsample could be tested in the fall of
first grade, another inthefall of second grade, another inthefall of third grade,
and so on. This would minimize the burden to any particular student or school
while maximizing our knowledge about how much of the learning gap arises
during the summer.

Maximizing Measurement Variation within Data Sets

Another way to improve surveys of young children’s academic growthis
to increase the measurement variation within each survey. We can do thisin
the following two ways: by including multiple measures of the same skill and
by including precise measures of each particular set of skills.

Multiple Measures of the Same Skill

Other than the Prospects survey, the only other contemporary national
survey that has tested young children multiple times is the Children of the
National Longitudinal Survey of Youth (CNLSY). Unlike school surveys, which
have a grade-based sampling design, the CNL SY is age-based. The Bureau of
Labor Statistics (BLS) first funded asurvey of the mothers of these childrenin
1979, when the prospective mothers were 14- to 22-years-old. It has resur-
veyed them every year since then. In 1986, the BL'S began collecting data on
all the children who had been born to the original sample of mothers. These
children, aswell as all additional children born to the mothers, have been fol-
lowed at two-year intervals since then.

The CNLSY administers math, reading, and vocabulary teststo al chil-
drenwho are at least fiveyears old. These datashow asmall black-whitereading
gap (0.20 standard deviations) among 5-year-olds, but they show alarge black-
white vocabulary gap (0.98 standard deviations) among the very same children.
If the CNLSY had administered more than one type of reading test and more
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than one type of vocabulary test to these children, we would be able to deter-
minewhether the stark differencein the size of these gapsreflectsidiosyncrasies
of thetests or areal phenomenon.

Precise Measures of Each Type of Skill

A survey can aso enhance our understanding of ethnic differencesin test
scores by measuring a particular set of skills as precisely as possible. For ex-
ample, the CTBS total math test administered by Prospects is composed of
math computation and math concepts subtests. Analyzing these subtests sepa-
rately reveals potentially important differences that we would miss if we only
analyzed scores on the total math test. Table 7 shows ethnic differencesin third
graders' scores on the concepts and computation tests, aswell as ethnic differ-
encesin gains on these tests between the third and sixth grades. Thefirst panel
shows that the gap between African American and white third graders is al-
most twice as large on the math concepts test (0.95 standard deviations) as on
the math computation test (0.51 standard deviations). The sameistrue for the
gap between whitesand Mexican Americans. |n contrast, Asian American third
graders score at about the same level as white third graders on the math con-
cepts test, but they score 0.65 standard deviations higher than whites on the
math computation test.

The second panel in table 7 shows that African American and Mexican
American children’s gains also differ across the subtests. Although African
American and Mexican American students gain about the same amount aswhites
on the math computation test, they gain more than whites on the math concepts
test. These resultsillustrate why surveys need to administer tests that measure
awide range of skills and why analysts need to examine subtests separately,
even when they sound relatively similar in name or content.

Maximizing Variation between Surveys

No matter how hard one worksto perfect every survey, data setsinevita-
bly end up with idiosyncrasiesthat can affect the analytic results. The best way
to ensure that these biases do not affect our policy decisionsis to collect as
much data as possible, using different samples, survey designs, contractors,
tests, technical review panels, and so on. Then, when we combine the results
from these various studies, robust relationships should persist across the
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Table 7. Comparison of Math Concepts Growth and Math Computation
Growth: Evidence from Prospects Third Grade Cohort

Math Concepts and Applications Math Computation
1 2 1 2

Score in spring of third grade

Asian American 4.65 8.32+ 23.21%** 24.06%**
(4.42) (4.31) (3.76) (3.71)
.10 17 .65 .68
African American -45.35%** -39.01*** -18.22%** -17.50***
(2.66) (2.60) (2.28) (2.25)
-.95 -.82 -.51 -.49
Mexican American -37.68*** -21.93*** -13.25%** -4.86+
(3.07) (3.10) (2.67) (2.71)
-.79 -.46 -.37 -.14
Intercept 694 .53*** 679.25%** 677.04*** 672.32%**
(2.03) (3.84) (1.72) (3.31)

Yearly growth between
third and sixth grade

Asian American 6.31*** 4.65%** 3.85** 3.73*
(1.39) (1.39) (1.47) (1.47)

.36 .27 .16 .15

African American 2.75%* 2.34** .30 1.50
(.87) (.88) (.91) (.92)

.16 .14 .01 .06

Score in spring of third grade

Mexican American 4.66*** 3.74** -.48 .65
(1.05) (1.07) (1.10) (1.12)
.27 .22 .02 .03

Grade 17.44%x 19.34%** 26.97** 25.06%**
(.80) (1.40) (.82) (1.46)
Pseudo-R?for Intercept .16 .25 .06 .15
Pseudo-R?for Slope .04 .07 .03 .06

NOTE: N=4,550. Numbers are unstandardized coefficients. Standard errors are in parenthe-
ses. Italicized numbers are standardized coefficients for the intercept equation and proportions
of the average gain for the slope equation. Equation 1 also includes gender and dummies for
other ethnic groups on both the intercept and slope, and a nonlinear grade/age term on the
slope. In addition, equation 2 includes dummies for mother’'s education, dummies for region,
and dummies for urbanism on both the intercept and slope. All estimates come from weighted
2-level hierarchical models, with grade at level 1 and students at level 2. Standard errors and
significance tests are corrected for clustering within districts by inflating the standard errors by
the ratio of the standard errors produced by an unweighted 3-level model and an unweighted
2-level model. See Phillips (1998) for more details.
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studies, despite their differences.?! The best way to illustrate the importance of
analyzing multiple surveys is to compare data from surveys that should, in
theory, yield similar results.

For both the CNLSY and Prospects, | estimated growth modelsin which
| predicted ethnic differencesin students’ initial test scoresand learning rates.?
The first panel of table 8 compares ethnic differencesin initial reading scores
in Prospectsand the CNLSY. The CNLSY suggeststhat African American and
white 5-year-olds have nearly identical reading recognition scores. (This find-
ing resembles Entwisle and Alexander’s BSS reading results for first graders
in Baltimore.) Yet the results from Prospects show a 0.87 standard deviation
gap in reading comprehension among first graders. Holding mothers' educa-
tion, region of residence, and urbanism constant, thisgap shrinksto 0.78 SDs.
(Theseresultsresembl e those from the Sustaining Effectsstudy.) If the CNLSY
or Prospects had administered more than one reading test to their respondents,
we would be able to determine whether the small black-white reading gap in
the CNLSY isattributable to sample differences between the CNLSY and Pros-
pects or to differences between the PIAT and CTBS tests.

2L The same principle underlies meta-analysis. See Cook (1993) for a discussion of the
principle of “heterogeneous irrelevancies.” Of course, combining studies will not wash
out biases that go in the same direction. For example, student mobility creates an upward
biasin longitudinal studies because students who change schools or districts (and are
therefore not retested) tend to have lower scores than students who stay in the same
schools. This creates a major problem for researchers and policymakers who are often
most interested in what happens to the most disadvantaged students.

2 Children in the CNLSY first took Peabody Individual Achievement Tests (PIAT) in
reading and math when they were 5 years old. | measured their learning rates in age-in-
months. Children in Prospects first took Comprehensive Tests of Basic Skills (CTBS) in
reading in the fall of first grade. | measured their growth rates in years. For details on the
samples and analysis, see Phillips (1998).

2 The contradiction between the reading results in Prospects and those in the CNLSY does
not seem to be attributable to the fact that the CNLSY administered a reading recognition
test, while Prospects administered a reading comprehension test. Equations using the
CNLSY reading comprehension test as the dependent variable (not shown) produced
results nearly identical to those for reading recognition. See Phillips (1998) for a
discussion of whether the contradictory results are attributable to the psychometric
properties of the different tests. She concludes that the kurtosis of the CNLSY tests
probably does not account for the different results.
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Table 8. Ethnic Differences in Reading Growth: Comparison of the
CNLSY and Prospect

CNLSY Prospects
1 2 1 2
Reading score at age 5
(in fall, grade 1)
African American -.031 .030 -.868*** - 776%**
(.097) (.100) (.058) (.057)
Mexican American - 552¢x% -.430** -.650%** -.382%**
(.156) (.164) (.087) (.088)
Linear reading growth in years
African American -.240%** -.240%** -.107** -.071**
(.024) (.024) (.026) (.025)
121 .120 .049 .034
Mexican American -.132%xx -.084+ -.020 .048
(.041) (.048) (.038) (.039)
.070 .042 .009 .023
Pseudo-R?for Intercept .02 12 12 .20
Pseudo-R?for Slope .10 .14 .04 12

NOTE: To facilitate the comparison across data sets, all coefficients and standard errors are
expressed as a proportion of the overall standard deviation of students’ initial scores. In
addition, italicized numbers in the gain equation express the gain as a proportion of the
average gain in a particular data set. Moreover, the monthly gain coefficients and standard
errors in the CNLSY have been multiplied by 12 to approximate the yearly gain interval in
Prospects. Equation 1 includes gender and dummies for other ethnic groups on both the
intercept and slope, and a nonlinear grade/age term on the slope. In addition, equation 2
includes dummies for mother’s education, dummies for region, and dummies for urbanism on
both the intercept and slope. All estimates come from weighted 2-level hierarchical models,
with age/grade at level 1 and students at level 2. Standard errors and significance tests are
corrected for the nonindependence of siblings (in the CNLSY) and for clustering within districts
(in Prospects) by inflating the standard errors by the ratio of the standard errors produced by
an unweighted 3-level model and an unweighted 2-level model. Prospects N=4,647; CNLSY
N=2,153. See Phillips (1998) for more details.

Surprisingly, the CNLSY and Prospects results for Mexican Americans
initial reading skills are much more consistent.?* The CNLSY suggests that
Mexican American and white 5-year-olds’ reading recognition skills differ by
about 0.55 standard deviations. Prospects suggests that M exican American and
white first graders’ reading comprehension skills differ by about 0.65 standard

2 The similarity of these estimatesis surprising in light of the fact that the CNLSY does not
include children of recent immigrants. One would expect this sampling difference to
affect comparisons of Mexican Americans' scores more than it affects comparisons of
African Americans' scores, but that does not seem to be the case.
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deviations. Among Prospectsfirst graderswhose mothers have the same amount
of schooling and who live in the same region, the Mexican American-white
reading comprehension gap shrinks by almost half—to 0.38 SDs. The reduc-
tionisnot nearly so largein the CNLSY, but the gap after controlling mothers
education and region is remarkably similar (0.43 SDs).

The bottom panel of table 8 compares test score growth in the CNLSY
and Prospects. Boththe CNLSY and Prospects suggest that African American
children learn fewer reading skillsthan white children during the early elemen-
tary school years, but the learning gap is|ess extreme in Prospects than in the
CNLSY. In the CNLSY, African American children gain about 1 raw score
point (over afifth of the age-5 standard deviation) less than white children,
each year. Thisisabout 12 percent lessthan the average gain. Between thefirst
and third grades, African American children in Prospects gain only 5.6 fewer
points per year than whites, which is 5 percent less than the average gain and
11 percent of the first grade standard deviation.

The CNLSY and Prospects also tell somewhat different stories about the
relative reading trajectories of Mexican Americans and whites. In the CNLSY,
Mexican American children gain about two-thirds of araw score point (about
0.13 age-5 standard deviations) less than white children each year, which is
equivalent to again of 7 percent lessthan average. This difference shrinksto a
gain of 4 percent less than the average among white and Mexican American
children whose mothers have the same amount of schooling and who live in
the same region of the country. In contrast, Prospects suggests that young
Mexican American children gain about the same reading skills as young white
children, especialy if we compare children whose mothers have the same
amount of schooling and who live in the same region of the country.

Theresultsin table 8 illustrate the difficulty of replicating results across
surveys. They also serve as a cautionary tale to researchers who anayze data
from a single source. Finally, these results underscore the problem of having
only two contemporary national longitudinal data sets with which to describe
elementary school children’s academic development.

Studying Education Prior to Formal Schooling

Another reason we know so little about when ethnic differences arise and
how they change with age is that NCES has, until recently, mostly ignored
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education that occurs outside of formal institutions. Although teachers have
long argued that families exert the most influence on children’s academic skills,
few educational researchers study academic achievement before children enter
elementary school. This habit hampers our understanding of ethnic differences
in achievement because at least half of the black-white gap that exists at the
end of twelfth grade can be traced to the gap that already existed at the begin-
ning of first grade. Datafrom the CNLSY show that we can trace the vocabulary
gap back to when black and white children are three years old (seefigure 3). If

Figure 3. Vocabulary Scores for
Black and White 3-Year-Olds, 198694

Percent of Population

20 25 30 35 40 45 50 55 60 65 70 75 80

PPVT-R Score

mmmmm— African Americans

European Americans

SOURCE: National Longitudinal Survey of Youth Child Data, 1986-94. Black N=507; white
N=949. Figure is based on black and white 3-year-olds who took the Peabody Picture
Vocabulary Test-Revised (PPVT-R). The scores shown are the standardized residual s, coded
to amean of 50 and a standard deviation of 10, from a weighted regression of children’s raw
scores on their age in months, age in months squared, and year-of-testing dummies. Lines
are smoothed.
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the CNLSY had measured infants’ and toddlers' cognitive skills, we might be
able to trace the gap back even farther.®

Focusing on family influences, as opposed to school influences, is not
without its disadvantages, of course. Although the CNLSY does a better job
than education surveys of measuring children’s experiences outside of school,
it does aconsiderably worse job of measuring their experiencesinside school.
Combining the advantages of a survey like Prospects with those of a survey
likethe CNLSY must become commonplace during the next century if we are
to make any progress on the test score gap issue.

Fortunately, NCES is planning such a survey, in ajoint effort with the
National Center for Health Statistics (NCHS), the National Institutesfor Child
Health and Human Development (NICHD), the Administration for Children,
Youth, and Families (ACYF), and the U.S. Department of Agriculture. The
ECL S-Birth cohort study, targeted to begin in the year 2000, plansto follow a
cohort of 6-month-olds through the end of first grade.

Hopefully, the designers of this study will learn from the strengths and
limitations of the CNLSY. Important strengths of the CNLSY include sam-
pling siblingsin order to estimate family background effects, testing mothers
cognitive skills (testing mothers and fathers would be even better), and mea-
suring parenting practices using both self-reports and interviewers' observations
(observing parenting at more frequent intervals and using time diaries to col-
lect parenting data would be even better). Limitations of the CNLSY include
not trying to measure children’s cognitive skills prior to age 3 and administer-
ing only one type of reading and vocabulary test to children.

Surveys versus Experiments

Studying elementary school students, assessing at least some of these
students in the fall and spring of every school year, using multiple tests to
measure students' reading and math skills, funding multiple surveys of chil-

% Because children’s cognitive skills are moderately stable between infancy and early
childhood, ethnic differences may be as well. Measures of infant habituation and
recognition memory correlate 0.36, on average, with childhood 1Q (see the meta-analysis
by McCall and Carriger 1993). Thompson, Fagan, and Fulker (1991) also find that visual
novelty preference at 5 to 7 months of age is associated with both 1Q and achievement at
age 3, and Dougherty and Haith (1997) find that visual anticipation and visual reaction
time at 3.5 months are associated with |Q at age 4.
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dren, and studying educational development beforeformal schooling begins—
all would helpimprove our understanding of how ethnic differencesin academic
achievement change with age.?® These design changes would also help us gen-
erate better theories about the causes of ethnic differencesin academic skills.?
Regardless of how we decide to design our national surveys, however, the best
survey data will not tell us how to raise children’s achievement—neither will

26

27

An important methodological issue that | have not discussed here is the problem of
choosing the correct metric with which to measure academic growth. Because the metric
issue is so perplexing, almost all researchers simply use the particular test at their
disposal, without questioning how the test’s metric affects the results. For instance, when
black and white children gain 50 points on a vocabulary test scored using IRT, we
typically assume that black and white children learned the same amount of vocabulary
over that interval. But even IRT-scored tests may not have interval-scal e properties, which
means that a gain from 250 to 300 may not be equivalent to a gain from 350 to 400. The
only solution | see to the problem of determining whether gains from different points on a
scale are equivalent is to associate a particular test with an outcome we want to predict
(say, educational attainment or earnings), estimate the functional form of this relation-
ship, and then use this functional form to assess the magnitude of gains. For example, if
test scores are linearly related to years of schooling, then gains of 50 points can be
considered equal, regardless of the starting point. If the log of scoresis linearly related to
years of schooling, however, then again of 50 points from alower initial score isworth
more than a gain of 50 points from a higher initial score. This “solution” is, of course,
very unsatisfactory, because the functional form of the relationship between test scores
and outcomes undoubtedly varies across outcomes.

We should, however, question the assumption that large national studies should be
preferred over multiple local studies. Ethnic differences in test scores vary across states,
school districts, and schools. This means that national surveys probably mask much of
the differential development in academic skills that occursin particular school districts
throughout the country. Scholars and policymakers should begin to debate the financial,
political, and quality trade-offs between formally selecting nationally representative
samples and purposefully selecting alarge number of locally representative samples that
are informally representative of the types of students to whom we would like to general -
ize nationally (see Cook [1993] on the logic of purposive sampling based on the “prin-
ciple of proximal similarity”). Over the past few decades, we have learned the most about
the correlates of young students' academic development from Entwisle and Alexander’s
BSS study. This may be because NCES never put the same effort into a national study of
young children’s achievement that it put into NELS. Or it may be that local surveys, run
by university researchers who are better able to generate goodwill among local school
administrators, teachers, and parents, are more effective than national surveys. In either
case, a potential alternative to funding several large national surveys might be for NCES,
in collaboration with private foundations and state and local governments, to support a
large number of local longitudinal studies, on the condition that the procedures and
measures be comparable enough to combine results across sites.
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the best longitudinal methods.?® Our ultimate goal in collecting data on student
achievement is presumably to raise all children’s achievement while reducing
variation in achievement, not just to produce long descriptive reports or fill
academic journals. If that is our goal, the standards that we need for ng
causality are much higher than survey data can satisfy.

The best way to learn what will reduce ethnic differences in achievement
is to conduct randomized field trials.*® Such studies could include programs
designed by researchers, based on theories generated from nonexperimental
data, as well as programs designed by teachers and administrators, based on
programsthat already seem to have worked on asmall scale. Therecent turnto
natural experiments in economics and sociology may also help us begin to
identify the causs of ethnic differences in academic achievement.®

We must also remember that it is not logically necessary to understand
the causes of asocial problem before successfully intervening to fix it. Instead
of starting with the question “What causes the gap?’ and hoping that the an-
swerswill lead to effective interventions, we may need to instead start with the
question “How can we reduce the gap?’ and then collect the kind of informa-
tion (namely, experimental data) that will enable usto do just that.

% Methods for measuring longitudinal change and easy-to-use software packages for
implementing these methods have proliferated over the past decade. Although these
methods are often very helpful for describing longitudinal change and its correlates, they
do not increase our ability to make correct causal inferences—nor are these methods
always the best analytic choice. These new methods need to be subjected to cross-
disciplinary discussions about their costs and benefits. The typical user neither under-
stands the main advantages of multilevel models nor knows that other procedures (such
as fixed effects models with a correction for the loss of degrees of freedom resulting from
the intraclass correlation) have some of the same advantages without some of the
disadvantages. See McCallum et a. (1997) for areview of multilevel methods for
describing growth (including structural equation models) and Kreft (1996) for a discus-
sion of the advantages and disadvantages of using random coefficient models.

2 See Nave, Miech, and Mosteller (1998) for areview of the use of random field studiesin
education and for an argument in favor of funding more of them.

% When estimating the “effect” of educational processes on students' achievement gains,
more frequent attention to correcting for measurement error in initial test scores would
also help. In nonexperimental studies that find a positive effect of school or family
characteristics on students' learning, the most frequent threat to validity is that these
school or family characteristics mainly serve as proxies for initial skillsthat were
imperfectly measured.
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Table A. Descriptive Statistics for Prospects Summer Sample and
Comparison with Cross-sectional Sample

First Grade Cohort

Longitudinal Cross-sectional SD
Variables Mean SD N Mean SD N Diff.
Reading
comprehension 486.62 62.90 1,097 478.52 67.81 9,422 12
Vocabulary 494.78 63.51 1,097 481.71 62.87 9,408 .21
Math concepts and
applications 500.18 64.35 1,097 481.08 68.73 9,237 .28
Male 51 .50 1,097 51 .50 11,349 .00
Asian American .01 12 1,097 .03 A7 11,357 -.12
European American .79 40 1,097 .68 .46 11,357 .24
African American A1 31 1,097 .15 .36 11,357 -11
Mexican American .07 .25 1,097 .09 .29 11,357 -.07
Puerto Rican Am. .01 .09 1,097 .01 .09 11,357 .00
Other Latino .01 .10 1,097 .03 .18 11,357 -11
Mom’s educ in yrs. 13.29 2.00 1,097 12.92 2.10 10,529 .18
Mom is hs. dropout .10 .30 1,097 .16 .37 10,529 -.16
Mom is hs. grad. .23 42 1,097 .28 .45 10,529 =11
Mom has some coll. .49 .50 1,097 .40 .49 10,529 .18
Mom is coll. grad. .18 .38 1,097 .16 .36 10,529 .06
Live in north 11 31 1,097 .19 .39 11,357 -.21
Live in midwest .27 44 1,097 .18 .39 11,357 .23
Live in south .48 .50 1,097 .38 .49 11,357 .20
Live in west .15 .36 1,097 .24 43 11,357 -21
Live in urban area .07 .26 1,097 .25 43 11,357 -.42
Live in rural area .49 .50 1,097 .38 .48 11,357 .23
Live in suburban area 44 .5 1,097 .38 .48 11,357 .13

NOTE: Longitudinal sample includes children with valid original scale scores in fall of grade 1,
spring of grade 1, and fall of grade 2, ethnicity, gender, mother’s education, region, and
urbanism, and is weighted with the spring 1993 weight. Cross-sectional sample includes all
children selected in the base-year sample and is weighted by the 1991 weight. | used the
original scale scores for these analyses because the fall of grade 2 adjusted scale scores are
incorrect.




133

Certification Test Scores, Teacher Quality,
and Student Achievement?

Ronald F. Ferguson with Jordana Brown
Malcolm Wiener Center for Social Policy
John F. Kennedy School of Government
Harvard University

Raising student achievement levelsin primary and secondary schoolsis
again atop national priority. Campaigning politicians at every level of govern-
ment are promising to improve education, but many of the measures they are
proposing have not been firmly established by research to be effective. This
paper concerns standardized testing of teachers. In the constellation of mea-
suresthat might contribute to achievement gains, certification testing of teachers
is one of many, and not necessarily the most important.? Nonetheless, certifi-
cation testing, especially for new teacher applicants, is now used in 44 states.
In 1980, only three states tested teacher candidates. By 1990, the number had
catapulted to 42. Given that so many states are now involved in this broad-
based national experiment, a serious effort to learn from it seems warranted.
This paper reviews evidence on the relationship of teachers’ test scores to stu-
dent achievement and frames some of the questions that a serious, nationally
coordinated program of research might address over the next decade.

1 Work on this paper has benefited from the financial support of the Annie E. Casey
Foundation, the John D. and Catherine T. MacArthur Foundation, and the Rockefeller
Foundation, through their support for the National Community Development Policy
Analysis Network Project on Education and Youth in Community Development. One
section of the text comes from another paper by this author, “Can Schools Narrow the
Black-White Test Score Gap?’ published recently in Christopher Jencks and Meredith
Phillips, (Eds.), The Black-White Test Score Gap (1998). That section appears here with
the permission of Brookings I nstitution Press.

2 For example, achieving and maintaining a high level of quality in teacher education and
professional development programs should be key elementsin any strategy to improve
teacher quality.
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Measuring Teacher Effectiveness

The challenge of measuring teacher effectiveness applies to both new
and incumbent teachers; and, in at least afew cases, standardized teacher test-
ing has been used for both.®> However, unlike new teachers, experienced teachers
have other ways of demonstrating their effectiveness. It seems reasonable to
argue that incumbents should be judged on what they do in the classroom, not
on atest score. A commonsense procedure is to have expert observers rate
teachers on their classroom practice. Alternatively, districts can judge teachers
based on measures of student achievement, such astest-score gains. Hence, we
have three indicators of current and potential teacher effectiveness: (1) teach-
ers’ test scores, (2) observers' ratings of teachers professional classroom
practice, and (3) students’ achievement gains.

However, each of these measures has notable flaws. Regarding the first,
certification tests may not measure those aspects of teacher skill that matter
most. Regarding the second, observers may not rate teachers on the practices
that matter most, or they may make mistakes in recording what they observe.
Even the third, students' test-score gains, is an imperfect measure of what we
really want to know: the teacher’s contribution to producing the gains. Be-
cause other factors such as student, home, school, and community characteristics
affect achievement as well, teachers deserve neither all of the credit for suc-
cesses nor all of the blame for failures.

Ideal assessments of teacher quality would involve directly measuring
what teachers contribute to student learning. Unfortunately, since such mea-
sures are infeasible, we must resort to various approximations—typically, one
or more of the three types listed above or estimates that use them in multivari-
ate statistical analyses. Inastandard multivariate analysis, the dependent variable
isthe student test score. Explanatory variables include school, family, student,
and community characteristics, and often a baseline value of the student test
score. When abinary (i.e., 0,1) indicator variable for each individual teacher

8 Two states, Arkansas and Texas, have tested incumbent teachers as well as those just
entering the profession. Policymakers in Massachusetts are currently considering whether
to test its current teachers, and other states may follow suit.
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isincluded in such an analysis, its estimated regression coefficient is a mea-
sure of the teacher’s contribution to the test score.*

Using this method of estimation, new findings for both Texas and Ten-

nesseeindicate that the teacher astudent hasin aparticular year affectslearning
gainsagreat deal, not only for the current year, but for the next several yearsas
well.® Estimated productivity differences among teachersin these new studies
are large? and remind us how very important it isto select and retain the most
effective teacher candidates.” When the data are adequate and the analysisis
done appropriately, the technique that produced these new findingsis probably
the best that we can do at measuring the effectiveness of individual teachers.

4

Under certain conditions, such a coefficient may be biased upward or downward. The
rank order among teachers may even be distorted, such that some teachers appear more
effective than others when they are not. The degree to which such analyses produce
mistakes depends on such things as the completeness of the data used to control for
confounding factors and the appropriateness of the specific techniques used for estima-
tion.

During the 1990s, teams of researchers have assembled large new longitudinal data sets
for Texas and Tennessee. They include more students and more information than any
previous compilation. These data permit researchers to follow tens of thousands of
individual children’s progress, including achievement gains associated with individual
teachers, across several grade levels. For Texas, see Rivkin, Hanushek, and Kain (1998)
and Kain (1998). For Tennessee, see Sanders and Rivers (1996) and Sanders, Saxton, and
Horn (1998). There is an ongoing debate about how important it is to include additional
student background variables when estimating the effects of teachers on students’ test
score gains. We agree with Kain (1998) that student background variables are important
to include and that the teacher effects estimated by Sanders and his coauthors in the
studies cited here might change (though probably not dramatically) if such controls were
included.

Earlier studies of this type have also identified large differences in teacher effectiveness.
See Hanushek (1986, 1992).

Of course, the challenge could be stated more broadly, to include affecting the size and
composition of the teacher applicant pool. That might include considering a broader
range of policy alternatives such as pay scales and career prep strategies for studentsin
grades K—12 to attract them toward teaching careers. It might also include consideration
of screening and hiring practices, particularly those that induce districts to hire the most
effective applicants. For discussions of both salary-related issues and hiring practices, see
Ballou and Podgursky (1997) and Murnane et. al. (1991). Another challenge isto help
less effective teachers to improve their skills and knowledge. See, for example, Darling-
Hammond (1997) for a discussion of these issues from the National Commission on
Teaching and America’s Future.
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Unfortunately, this type of analysisis usually impractical. Few states or
districts are anywhere close to possessing the data needed to implement it well
on alarge scale. Even for statesthat have the data and the capacity, the method
does not work for judging new teacher candidates and others for whom there
arenot several years of appropriate data. Hence, standardized competency tests
and other observational methods of judging professional practice offer more
feasible aternatives for making judgments or predictions about professional
effectiveness.

Whether competency testing isgenerally superior to observational teacher-
rating methods is an open question that warrants more attention. However, it
seems clear that competency testing isless expensive than observational meth-
ods when there are thousands of teachers to be assessed. It also seems clear
that observational assessments of teaching candidates, conducted under con-
trived conditions or during student teaching, are likely to be highly variablein
their quality. Given these cost advantages and the lack of alternative methods
that arereliable and consistent, standardized teacher competency tests may be
the best way of measuring teacher quality we have when thousands (or tens of
thousands) of teachers need to be assessed.

Do Teachers' Scores Predict Student Achievement?

Most teacher certification exams are vulnerable to a variety of fair criti-
cisms. For example, many have not been well validated and admittedly measure
only a small fraction of the skills that make teachers effective. Yet evidence
from studies that actually estimate rel ationships between students’ and teach-
ers scores, including my own work reviewed below, suggests generaly that
teachers' test scores do help in predicting their students' achievement.

When | first encountered this topic in the late 1980s, it came as a great
surprise to me that predictive validity in the relationship of teachers to stu-
dents' scores was not among the criteria for validating teacher certification
exams.® Statesall over the nation were using such teststo screen candidatesin
and out of the profession, with no firm evidence that scores predicted teaching
effectiveness! This was astonishing, especially since passing rates for non-
white candidates were substantially lower than for whites. If teachers' scores

8  Thisisstill the case.
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were poor predictors of student performance, then there was a disproportion-
ate impact on nonwhite candidates that was probably illegal.® On the other
hand, if it turned out that teachers' scoreswereimportant predictors, then there
was atrade-off between the interests of low-scoring teacher candidates versus
children’sright to aquality education. AsBernard R. Gifford, an African Ameri-
can and Dean of the Graduate School of Education at the University of California

wrote in 1985:

If we do have a commitment to quality education for all, as part
of our dedication to the principles of equality, then we will not
change the requirementsto fit the present median performance of
minority applicants to teacher education programs. Rather, we
will keep the desired performance level and provide the kinds of
support and training that will make it possible for minority appli-
cants to garner the learning and experience needed to pass the
examinations. . .

To put forth the argument that minority youngsters, the most dis-
advantaged of the poor, and the least ableto emancipate themselves
from their impoverished surroundings, should be taught by our
less-than-best teachers is to pervert the nature of justice. As ad-
mirable and important as is the goa of increasing the ranks of
minority teachers, this objective must not be put before the more
fundamental objective of securing good teaching for those who
need it the most.*°

In this passage, Gifford assumes that the exams measure skills that mat-
ter for predicting teacher effectiveness. Many others have disagreed with this
assumption.** The lack of awell-organized body of evidence on how teacher

10

11

Pressman and Gartner (1986, 11) went so far as to assert, “There is no evidence that what
isbeing tested relates to the selection of persons who will be effective teachers.” Their

article also discusses some of the legal challenges that tried to stop the use of certification
exams.

See Gifford (1985, 61).

For example, see Pressman and Gartner (1986) for a very skeptical discussion about
competency testing.
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characteristics (including race and test scores) relate to teacher effectiveness
has fostered confusion in both scholarly and public policy discourse.*2

Raobert Greenwald, Larry Hedges, and Richard Laine (1996) pool find-
ings from all published education production function studies that fit their
criteriafor inclusion.® Because research has not focused on teachers’ scores,
only 10 of the studies include measures of teacher test scores among the pre-
dictors of student achievement. Among these 10, most are over a decade old
and use data from the 1960s and 1970s. The 10 studiesinclude 24 independent
coefficients measuring the relationship of teachers' scores to their students
standardized achievement scores. Among the 24 coefficients, 21 are positive,
and only 3 are negative. Among the 21 positive coefficients, 12 are statistically
significant at the .05 level. In their statistical meta-analysis, the authors ad-
dress whether this pattern of coefficients across all of the studies might result
purely by chance if there is no relationship in general between students’ and
teachers’ scores. Their answer is unambiguously no. Some aspects of the
Greenwald, Hedges, and L aine analysis have been challenged on methodol ogical
grounds, but the findings regarding teacher test scores have not; other methods
of summarizing the literature would lead to the same general conclusion.'

Simply stated, even though the number of studiesis relatively small, it
appears generally that teachers who score higher on tests produce students
who do also. Let me emphasize that no one characteristic of a teacher is a

2 For example, see the response by Cizek (1995) to King (1993) in the Review of Educa-
tional Research.

18 These standards were (1) the study was in a scholarly publication (e.g., arefereed journal
or abook); (2) the data were from schools in the United States; (3) the outcome measure
was some form of academic achievement; (4) the level of aggregation was at the level of
the school district or a smaller unit; (5) the model controlled for socioeconomic charac-
teristics or for prior performance levels; and (6) each equation was stochastically
independent of others, such that only one of several equations from a study that used the
same students but different outcome measures (e.g., math scores in one equation but
reading scores in another) was kept for the Greenwald, Hedges, and Laine analysis.

14 A response by Hanushek (1996) disputes the Greenwald, Hedges, and Laine interpreta-
tion of the evidence regarding school resources, especially class size. Hanushek does not
dispute the findings regarding teachers' test scores, however. Thisis apparently because
the vote-counting method that Hanushek tends to prefer would produce the same basic
conclusion about teachers' scores. There is no clear winner of the debate regarding the
methodological issues, because each side is correct if its favored assumptions are true,
and there is no neutral way to test the validity of the assumptions.
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totally reliable predictor of hisor her performance. Nor are most teachers uni-
formly strong or weak in every subject or with all typesof students. Nevertheless,
until we develop more and better research to test it more completely and rigor-
ously, my judgment isthat apositive causal relationship between students’ and
teachers' scores should be the working assumption among policymakers.®
Below, | present some more detailed evidence that supports this judgement.

Evidence from Texas and Alabama?®

During the late 1980s, | constructed a data set for about 900 districtsin
Texas. Datawere aggregated to the district level, and variablesincluded teach-
ers scores on the Texas Examination of Current Administrators and Teachers
(TECAT). Texas required al of its teachers to pass the TECAT or relinquish
their jobs in 1986.1" The test was essentially a reading, vocabulary, and lan-
guage skills test, geared to about an eleventh grade level of difficulty. Some
teachers had to retake it, but most eventually passed. Controlling statistically
for ahost of school and community characteristics, | found that district-aver-
age TECAT scores were strong predictors of why some school districts had
higher student reading and math scores and larger year-to-year gains (Ferguson
1991). Thus, at least for Texas, a certification test that measured no specific
teaching skills and that challenged teachers at only an eleventh grade level of
difficulty seemed to distinguish among levels of teacher effectiveness. Later,
Helen Ladd and | found similar patterns for Alabama, using teachers' college
entrance exam (i.e., ACT) scores from when they applied to college.’®

5 One hypothesisiis that teachers who score high on tests are good at teaching students to
do well on tests or that they place greater emphasis on test taking skills, and that is why
their students score higher. By this hypothesis, test score differences overstate “true”
differences in how much children have learned. | have found no research that tries to test
the validity of this hypothesis or to gauge the magnitude of any associated overstatement
of differencesin learning.

6 This section draws extensively from an earlier paper of mine (Ferguson 1998) with the
permission of Brookings Institution Press.

17 Not many lost their jobs in Texas because with second and third chances most passed (I
do not know the details for Arkansas). For the story of what happened in Texas, see
Shepard and Kreitzer (1987).

8 See Ferguson and Ladd (1996).
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Below | present some new estimates, using the Texas and Alabama data
and adding afew distinctions to my previous work.™® | review evidence from
Texas in the 1980s showing that teachers' scores were lower where larger per-
centages of students were black or Hispanic.? | also present evidence that test
score gaps among teachers contributed to the black-white test score gap among
students. Further, | use data from Alabama to show that when certification
testing reduces entry into teaching by people with weak basic skills, it narrows
the skill gap between new black and white teachers. Finally, | suggest that
because rejected candidates would probably have taught disproportionately in
black districts, initial certification testing for teachers is probably helping to
narrow the test score gap between black and white studentsin Alabama.

Teachers’ Scores and Students’ Race-Ethnicity

Texas tested all of itsteachersin 1986 using the TECAT. Black teachers
had lower scores than white teachers by more than a standard deviation, and
black teachers were more likely than white teachers to teach in districts with
many black students.? (See column 1 of table 1.) Moreover, white teachers
who taught in more heavily black and Hispanic districts tended to have lower
scores than other white teachers. (See column 2 of table 1.) In Texas, and cer-
tainly in other places too, attracting and retaining talented people with strong
skills to teach in the districts where black and Hispanic students are heavily
represented is part of the unfinished business of equalizing educational oppor-
tunity.

19 Specificaly, the earlier paper (Ferguson 1991) did not have separate scores for elemen-
tary and high school teachers. Now, having both elementary and high school teachers
scores provides the basis for testing whether the difference between third-to-fifth and
ninth-to-eleventh grade gains is a function of the difference between elementary and high
school teachers' scores. See below.

2 For more statistical estimates using these data, see Ferguson (1991). Kainis also
currently assembling alarge data set for Texas with which to study student performance
at the individual level. See Kain (1995) and Kain and Singleton (1996) for two early
papers from the project.

2L This standard deviation is for the statewide distribution of scores among individual
teachers.
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Teachers’ Scores Help Predict Racial Test Score Gaps

Estimates using the Texas data and standard econometric specifications
for education production functions show that TECAT scores areimportant pre-
dictorsof students’ math scores. (See columns4 and 6 of table 1.)? In addition,
teachers' scores help to explain why average math scores are lower in districts
where larger percentages of students are black.?® However, we cannot be sure
that teachers' test scores affect students' test scores, because teachers scores
might merely be standing in for some omitted variables that are correlated
with both teachers and students' scores. Fortunately, separate scores for €l-
ementary and high school teachers allow me to circumvent this problem.?* |
compare high school gainsto elementary school gainsin the same district and
ask whether the difference in high school and elementary school gainsislarger
in districts where the TECAT gap between high school and elementary school
teachersislarger.> Using this approach, a change of one standard deviationin
teachers TECAT scores predicts a change of 0.17 standard deviation in stu-
dents' scores over the course of two years.®

2 Table 1 shows regression results where the dependent variable is the math score in 1988
for fifthgrade (columns 3 and 4) or eleventhgrade (columns 5 and 6). Two of the four
columns include teachers' scores among the explanatory variables. All four columns
include math scores for the same cohort from 1986. Including earlier scores for the same
cohort among the explanatory variables is a standard way of estimating gainsin achieve-
ment since the earlier date.

All of the regressions reported in table 1 are weighted by the square roots of
district enrollment. Thisis a standard fix-up for heteroskedasticity in cases where data are
means from samples of different sizes. Houston and Dallas are not included in the
analysis because of a poorly conceived decision that | made when constructing the data
set several years ago. For a detailed description of the data, see Ferguson (1991).

2 Compare the coefficient on “ percent black among students” from column 3 with that in
column 4; and compare the coefficient in column 5 with that in column 6. Note that
percents black and Hispanic are on a scale of 0 to 100.

2 This of course assumes that unmeasured factors affecting differences between elementary
and secondary students' test score gains are not correlated positively with differences
between elementary and secondary teachers’ scores.

% The dependent variable in column 7 of table 8 is the difference between two differences:
(a) the district’s mean high-school gain between the ninth and the eleventh grades, minus
(b) the district’s mean math score gain between the third and the fifthgrades. Elementary
and high school teachers' TECAT scores are included as separate variables.

% Here, 0.17 isthe average of 0.164 (the coefficient on high school teachers' scores) and
0.179 (the absolute value of the coefficient on elementary school teachers' scores) from
column 7 of table 8.
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If the impact of skilled teachers is important and accumulates, then un-
usually high (or low) average TECAT scores for an entire district should help
to pull up (or down) students' scores, and this impact should become more
starkly apparent, the longer children are in school. For example, among dis-
trictswhere studentsdo poorly in the early years of elementary school, districts
where TECAT scores are unusually high should achieve much higher student
scores by the end of high school than districtswhere TECAT scores are unusu-
aly low. To test this, | selected four sets of districts for comparison: districts
with unusually high TECAT scores but low first- and third grade math scores
(N=3); districts with unusually high TECAT scores and high first- and third
grade math scores (N=37); districtswith unusually low TECAT scoresand low
first- and third grade math scores (N=25); and districts with unusualy low
TECAT scores and high first- and third grade math scores (N=4).%

For each of the four sets of districts, figure 1 graphs the district-average
math score for grades 1, 3, 5, 7, 9 and 11 for the 1985-86 school year.?? Com-
pare the patterns for districts that have similar teachers' scores. The dashed
lines are districts where teachers’ scores are more than a standard deviation
above the statewide mean. Even though they start at opposite extremes for
first- and third grade scores, the two have converged completely by the 11*
grade. The solid lines are districts where teachers’ scores are more than a stan-
dard deviation below the statewide mean. Here too, students scores have
converged by the eleventh grade, but at afar lower level.

Figure 1 is not absolute proof of causation, but it is exactly what one
would expect under the assumption that teachers’ measured skills are impor-
tant determinants of students' scores. Also, the magnitude of the change in

27| define “unusually” high (or low) to be a district-average TECAT score of more than one
standard deviation above (or below) the statewide mean, where the relevant standard
deviation is that among district-level means. Districts with low first and third grade math
scores are those where math scores are more than a half standard deviation below the
statewide mean for both years. Here too, the relevant standard deviation is that among
district-level means. For both students' and teachers' scores, the ratio of statewide
individual-level to district-level standard deviations in these datais 3 to 1.

Districts with high-scoring teachers and |ow-scoring students or low-scoring
teachers and high-scoring students are rare. Thisis why, from roughly 900 districts, |
could identify only afew, asindicated in the text and in the note to figure 1.

% A diagram for students’ reading scores (not shown) follows the same general pattern, as
do similar graphs using data for Alabama, albeit less dramatically.
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Figure 1. Effect of Teachers' Test Scores on District-
Average Mathematics Test Scores across Grades, Texas,
Selected Districts, 1985-86
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SOURCE: Author’s calculations based on data obtained from the Texas Education Agency.

NOTE: Sample comprises three districts with unusually high teacher scores on the Texas
Examination of Current Administrators and Teachers and unusually low scores on first and
third grade mathematics achievement tests; four districts with low teacher scores and high
first and third grade student scores; 37 districts with high scores for both teachers and
students; and 25 districts with low scores for both teachers and students. For TECAT scores,
“high” and “low” mean one standard deviation or more above and below, respectively, the
Texas mean; for mathematics scores, the respective criteria are 0.50 standard deviations
above and below the Texas mean. Standard deviations for both teachers’ and students’ scores
are from the distribution of district-level means. In each case, theratio of this standard
deviation to that for individuals statewideis 3 to 1.
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figure 1 from elementary through high school isamost exactly what onewould
predict using the regression estimates from column 7 of table 1. Specifically,
for two districts starting with equal student scores, but teachers’ scores sepa-
rated by two standard deviations, over 10 yearsthe differencein student scores
would accumulate to 1.70 standard deviations.?® Thisis alarge effect.®

Certification Testing Probably Narrows the Black-White
Test Score Gap

Relying less on evidence from research than on their own judgment,
policymakersin 43 states had enacted some form of initial competency testing
for teachersas of 1996.% Thirty-nine statesinclude atest of basic reading and
(sometimes) math skills. Thisis usually supplemented by an additional test of
professional knowledge, such asthe National TeachersExam (NTE, now called
PRAXIS), whichis (as of 1996) used in 21 states.

Initial certification testing restrictsentry into theteaching profession. Fig-
ure 2 showsthe effect of certification testing on the mix of people who became
teachers after Alabamabegan requiring certification testsin 1981. The dataare
from teachers' ACT scores at the time they applied to college.® After certifica-
tion testing began, the test score gap between new black and white teachersfell
sharply. Since districts in Alabama that have more black students also have
more black teachers,® a change that increases the average level of skill among
incoming black teachers should disproportionately benefit black children. If
this pattern recurs in other states, as seems likely, we should find that black
children’s scores improve more than white children’s scores after states

2% 1.70=0.17 x 2 s.d. x 5 two-year intervals.

% Thisis not simply regression to the mean for student scores. Note that there are two sets
of districts whose student scores are far below the mean as of the first and third grades.
Only the districts with high teacher scores have student scores above the mean by the end
of high school. Scores do regress toward the mean for the districts with low teacher
scores, but these student scores nevertheless remain substantially below the mean. A
similar set of statements applies to the districts whose first and third grade scores are
above the mean.

81 See U.S. Department of Education (1996). Table 154.
% See Ferguson and Ladd (1996) for more detail on the ACT data for Alabama.

% The simple correlation of “percent black among students’ and “percent black among
teachers’ is 0.91 among 129 districts in Alabama.
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Figure 2. Difference between Mean College Entrance
Exam Scores of White and Black Teachers by Year of
Entry into the Profession, Alabama, 1976-88
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SOURCE: Author’s calculations, unpublished data. ACT scores are from teachers' college
entrance exams and are not associated with any certification exams that they may have taken.

implement certification testing for teachers (but we should expect some im-

provement

even for whites).

Twenty-five years ago, working with datafrom the 1966 Coleman report,
David Armor wrote:

Even though black teachers’ formal training seems as extensive
asthat of white teachers, if not more so, their verbal scores indi-
cate that they have far less academic achievement. It isespecially
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ironic, when schools are concerned with raising black student
achievement, that the black teachers who have the major respon-
sibility for it suffer from the same disadvantage astheir students.®

Once certification testing began in earnest after 1980, passing rates for
black applicants in states across the nation were sometimes half those for
whites.* Certainly, some black teachers who failed would have become good
teachers. However, the relevant policy question iswhether students on average
are better off with the policy in place. | think the answer is yes.*® However,
truly definitive answers would require better data, developed and utilized in a
multistate, longitudinal program of research.

We Need Better Data

Testing whether teachers' test scores or observers' ratings are good
predictors of professional effectivenessis not asimple process. Even when
there is agreement that gains in pupils’ test scores should be the primary
measure of professional output, a number of statistical assumptions must
hold in order for studies to produce reliable estimates of how well teach-
ers’ scores (or ratings) measure their effectiveness. Problems associated
with measurement error, incorrect functional forms, omitted variable bias,
simultaneity bias, and reverse causation plague this type of analysis. Au-
thorsin the education production function literature over the last few decades
have encountered these problems routinely (but seldom overcome them).
In addition, during the 1990s, statisticians have emphasi zed the importance
of hierarchical models to distinguish student-level from school-level from
district-level effects of explanatory variables.*

% SeeArmor (1972).

% Quoting numbers from Anrig (1986), Irvine (1990, p. 39) presents the following num-
bers: “In California, the passing rate for white test-takers was 76 percent, but 26 percent
for blacks; in Georgia, 87 percent of whites passed the test on the first try, while only 34
percent of blacks did; in Oklahoma, there was a 79 percent pass rate for whites and 48
percent for blacks; in Florida, an 83 percent pass rate for whites, 35 percent for blacks; in
Louisiana, 78 percent for whites, 15 percent for blacks; on the NTE Core Battery, 94
percent of whites passed, compared with 48 percent of blacks.”

% Available estimates suggest that the impact of teachers’ scores on students’ scores does
not depend on the race of the teacher. Ehrenberg and Brewer find this using the verbal
skills test from Coleman (1966). | aso find it in unpublished results using data for Texas.

87 Other papersin this volume elaborate the advantages of multilevel modeling.
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Teacher quality measures present all of the standard statistical problems
listed in the paragraph above: teacher quality, including teachers’ test scores,
are measured with error; student quality in aschool or district can affect which
teachers choose to apply there, creating reverse causation from student perfor-
mance to teacher quality; particular measures of teacher quality may matter
more or less depending on other variables, such as class size, so smple linear
models that ignore interactions may produce misleading results; correlations
between teacher quality and other inputs such as parental effectiveness can
produce biased estimates for the effect of teacher quality if parental variables
are omitted from the analysis or measured with considerable error. Further,
most studies lack the type of data necessary for sorting out the issues that the
advocates of multilevel estimation emphasize.

Even when measuring the effect of teacher quality on student outcomes
is the only goal, data requirements can be vast. It is difficult to emphasize
enough that teaching is a complex process in which context matters. Helping
studentsto achieve academic success, love of learning, maturity, or career suc-
cess involves far more that high certification test scores. Indeed,
Darling-Hammond and Hudson (1989) distinguish teacher quality (e.g., certi-
fication test scores, experience, preparation, attitudes, aptitudes) from teaching
quality (i.e., performance in the classroom). Further, they point out that how
effectively both teacher and teaching quality translate into student outcomes
depends on characteristics of schools, students, and families. (See figure 3 for
asummary picture.)

Since no analyst will ever achieve afully specified statistical model of
this process or havetheideal datafor solving all the statistical problemslisted
above, we will never reach perfection. We can, however, do better than we
have. Researchers seem to agree on at least two points. First, we need more
random assignment experiments to test hypotheses about the productivity of
schooling inputs such as small-versus-large classes or high-versus-low teacher
test scores. Second, because random assignment studies are sometimes im-
practical, we need more student-level longitudinal data sets that include good
measures of child, teacher, family, classroom, school, and community charac-
teristics. Further, no matter how carefully we assemble longitudinal data, the
possibility that results are driven, for example, by omitted variable bias, will
always make the findings from individual studies less than definitive. Simi-
larly, findings from a single random assignment study may depend on
idiosyncratic conditionsthat are not maintained at other timesand places. Hence,
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Figure 3. A Model of Teacher-Quality Effects
(Adapted from Darling-Hammond and Hudson, 1989)
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for both random assignment experiments and statistical studies using longitu-
dinal data, we need replication across multiple independent analyses. There
has been no organized program of education research to test whether standard
measures of teacher quality are reliable predictors of student learning.

Future Research Involving Teachers’ Scores

The following are five sets of issues and questions that a future program
of research could usefully address about measures of teacher quality, all in-
volving teacher test scores.

1. Best Practices. Do teachers’ own test scores predict whether they use
practices in the classroom that researchers have classified as most
effective?™ Or is the apparent relationship between teachers’ scores
and student performance measuring something subtler than so-called
best practices™®

2. Fixed Effects. Using fixed-effects specifications, researchers can
estimate which teachers consistently over the years produce greater
learning gains, as measured by changes in their students' standardized
test scores.®* Do teachers' own scores predict the teacher-effects that
these studies estimate? If we put measures of effectiveness based on
observer ratings into the same equations that include teachers' scores,
does the predictive power of teachers' scores remain unshaken?

3. Generalizability and Fairness. Are teachers' scores equally accurate
predictors for teachers with different characteristics (e.g., different
ethnicities, different training, and so on)?

4. Effectsof Other Inputs. Teachers scorescan also be control variables.
More and better teacher test score data would provide better statistical
controlsfor estimating the effects of other variables such as experience,
masters degrees, class size, or even parents’ education.

% For literature reviews regarding teaching quality and best practices, see Brophy (1986),
Doyle (1986), Darling-Hammond and Hudson (1989), and Porter and Brophy (1988).

% For example, it could be that teachers with more skills are those with the better judgment
— for example, those who depart from generally effective practices at precisely those
times that the practices would not be effective.

4 See Rivkin, Hanushek, and Kain (1998) and Sanders and Rivers (1996).



152 Ronald F. Ferguson with Jordana Brown

5. Allocation of Teacher Quality. Attracting more strong teaching
candidates and having them teach where they are needed most is
important. Who gets the best teachers and why? It would be useful to
know the degree to which salaries and other factors are important
predictors of where high-scoring teachers end up teaching (e.g., which
grades, schools, tracks, districts).

Certainly, the list could be longer. However, a serious program of re-
search that made important progress on these five sets of issues would be abig
step forward.

The National Center for Education Statistics (NCES) could help in the
following ways:

1. Information about teachers, for example, the college that the teacher
attended for BA and MA degrees, could be added to the teacher surveys
that accompany NCES student surveys.

2. NCES can convene and coordinate state-level researchers who are
constructing longitudinal student-level data sets that include (or can
include) teachers’ scores and other teacher characteristics.

3. NCES can encourage the Educational Testing Service and other test
makers to work with states to validate teacher exams as predictors of
student performance.

4. NCES should increase the number of students sampled per teacher in
longitudinal NCES data series. NCES could also facilitate matching of
its data with state-level data for teachers and students.

None of these will be easy, but each would be helpful.

Conclusion

Difficulty talking in public about racial and ethnic differencesintest score
patterns is probably a major factor in why the nation has not addressed these
issues with the seriousness that they deserve. This challenge needs to be con-
fronted. As | write, public officials in the state of Massachusetts are debating
whether to test incumbent teachers for recertification. The basis of their inter-
estintesting isthe belief that certain elements of core knowledge are foundations
for professional practice. Any teacher who lacks this knowledge cannot, the
theory goes, be an effective teacher. The bulk of the evidence that we have
suggests that teachers scores on even the most rudimentary of basic skills
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exams—for example, the 30-item test in the Coleman study or the TECAT test
in Texas—can be statistically significant predictors of how much students will
learn. Regarding whether to screen teacher candidates using such exams, | am
inclined to give the benefit of the doubt to students, which for me means en-
dorsing the continued use (and ongoing improvement) of certification exams.
AsBernard Gifford suggested, it isbetter to work on raising the skills of teach-
ing candidateswho might otherwisefail than to lower the standardsthat teaching
candidates are expected to meet, and thereby to raise therisk that children will
receive poor schooling.

On the other hand, our knowledge is far from definitive and very incom-
plete. Current certification exams produce an unknown number of mistakes
that cause individuals to suffer unfairly. Some candidates who rate high on
dimensions that tests do not measure and who would have been good teachers
fail certification examsand never becometeachers. Conversely, someare“false
positives’ who pass the exams but may fail in the classroom. Nonwhite candi-
dates are probably over-represented among the false negatives who fail the
exams but would have been good teachers.** At the same time, nonwhite chil-
dren are probably over-represented among beneficiaries. Thisis because more
of the people who fail, and would not have been good teachers, would prob-
ably have shown up to teach in classrooms where nonwhite children are
over-represented. We may never know for sure. Nonetheless, | believe that if
we had better data, a greater willingness to debate hard questions, and a tar-
geted program of research, we would find ways to be more nearly fair in
selecting among teaching candidates and ultimately more effective in helping
those hired to become good teachers.

4 Seethe discussion in Jencks and Phillips (1998, 77). Assume that atest score isthe only
basis for selecting people into a job, such as teaching. Also assume that black candidates,
on average, have lower average scores than whites but are more similar to whites on other
skills that affect teaching quality. Jencks explains why alarger percentage of blacks will
be excluded than whites, among those people who would have performed well if hired (or
do perform well).
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Response: Two Studies of Academic
Achievement

Robert M. Hauser
University of Wisconsin-M adison

The papers by Meredith Phillips (1998) and by Ronald F. Ferguson with
Jordana Brown (1998) exemplify the best of contemporary educational policy
research.! First, they focus on important questions. What are the sources of
differential sin academic achievement between racial-ethnic groupsin the United
States? When do these differential s appear in the course of children’s devel op-
ment?What istherole of family and school factorsin the development of these
differences? How can we best measure, understand, and reduce the differen-
tials? How, if at all, do teacher qualification test scores—or other test
scores—affect student learning? Should such test scores be used as athreshold
for entry into the teaching profession? What are the effects of such tests on the
gualifications of new entrantsto teaching and on differentialsin the test scores
of teachers from magjority and minority groups? Will smaller differences be-
tween the qualification test scores of majority and minority teachers lead to
smaller differencesin student achievement? What are the advantages and dis-
advantages of alternative measures of teacher quality?

Second, both papers use a wide array of evidence. Phillips focuses on
new data from the Prospects study, but she—along with her collaborators in
related work—actually draws on much of the accumulated evidence of trends
and differentials in student achievement in the United States. Ferguson and
Brown focus primarily on an important body of data on teacher test scores and
student achievement for school districts in Texas, but they also draw on data
from other states—notably Alabama—and from other recent studies of teacher
gualifications and student performance. One need only think back to the mid-
1960s, when the “ Coleman-Campbel | report” (1966) provided the only national

1 The opinions expressed in this paper are those of the author. Address comments to
Professor Robert M. Hauser, Department of Sociology, University of Wisconsin-Madison,
1180 Observatory Drive, Madison, WI 53706.
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data on educational resources and academic achievement, to realize that we
have come some distance.

Third, both papers are methodologically and statistically sophisticated,
with the authors arranging and examining evidence in new ways and, at the
sametime, not letting their work become model-driven to the point where they
completely lost sight of the data or of the limits of their datain addressing
their central questions. Indeed, both Phillips and Ferguson and Brown fo-
cus as much on better waysto ask their questions as on the important findings
of their research.

Enough of generalities, what about the papers?

Response to the Phillips Paper

Phillips makes six main points. They are worth repeating, although | will
guibble a bit with some of them.

The first point is as follows: “ Traditional socioeconomic factors do not
overlap with ethnicity as much as many people assume.” Ethnic differencesin
achievement are not easily reducible to socioeconomic or other social differ-
ences in academic achievement. Phillips observes that the reductionist view
has been sustained in part by the political sensitivity of black-white differ-
ences. Thus, many researchers havetried to explain the gaps, as Phillips notes,
by black-white differences in levels of family advantage, neighborhood pov-
erty, or urban-suburban location. But these factors do not account for the test
score gap.2

The second point is, “We should focus our surveys mainly on elementary
school students rather than on high school students.” | think thisis a bit over-
drawn. To the degree that our focusis on academic achievement, the available
evidence pointsto the malleability of learning inthe early years. That isimpor-
tant. But we ought not to forget adol escence—recall the success of recent years
in changing course content and requirements in high school—as well as the

2 At the extreme, | have seen one leading economic scholar argue against adjusted
statistical comparisons of educational outcomes between blacks and whites on the ground
that there is not sufficient overlap of socioeconomic background to justify this form of
comparison—a proposition that is patently contradicted by the evidence of overlap
between distributions of social and economic standing in the black and white populations.
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wider array of outcomesthat determine what happensto youth when they leave
high school (Hauser 1991). The downward drift of starting points of the major
national longitudinal studies—fromNLS1972to HS& B inthe 1980sand NEL S
in the 1990s—has been a beneficial evolution. But we ought not to lose such
samples as they age, no matter how young they are when we start. | will come
back to this point again in discussing Phillips' fifth point.

Thethird point isasfollows: “We should test children in both thefall and
the spring of each school year.” As Phillips notes, her evidence on this point
from the Prospects study is compelling, and it builds on a decades-old history
of similar findings. Why has this source of black-white test score differences
not become a focus of public policy? What would it take to accomplish that?
Need we wait until achievement test scores sink so low that the public ap-
proves test-based grade retention on a massive scale before we put any real
money into summer school ?

But | would question the calculus of Phillips' statistical comparisons of
learning in summer school and during the school year. Such comparisons read
as if score gains during the school year are the work of schools alone, while
summer gains or losses are the work of families alone. Consider alternative
assumptions: Suppose learning islinear in exposure to learning environments.
Students do not |eave their families during the academic year; they spend more
time in school and somewhat less with families. Suppose we ignore summer
school, and attribute summer gains or lossesto families. Then, summer changes
reflect the effects of families (including peers and neighbors), while changes
during the academic year reflect the combined effects of schoolsand families.
Assume, further, that exposure to school and family is equal throughout the
academic year. Now, for example, look at the top row of table 6. Three months
of family-only exposure in the summer produces a black loss of 20.47 points.
Thisimpliesaloss of 20.47/6 = 3.41 points per month during the school year,
assuming summer is 3 monthslong and family exposureis half as great during
the academic year asin the summer. Theimplied lossis3.41 x 9 = 30.71 points
during the academic year. Since black children gain relative to whites during
the academic year—by 9.27 points—the implication is that the annual effect
of schooling is9.27 + 30.71 = 39.98 points. In this account, schooling playsan
enormoudly effective role in reducing black-white test score differences.

Please do not take this account too seriously. In particular, thetest used in
the Prospects study is vertically equated to show larger gains at low than at
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high performance levels. Thus, the score gains of African American students
are not strictly comparable to those of majority students. My assumptions and
calculations are no more than illustrative. But they are, | think, worth thinking
about. What is the role of schools in learning relative to families during the
school year? During the summer? How could we learn more about it? Do fam-
ily effects really offset school effects, or are they complementary? If so, how
do we explain the summer deficits? What would be the long-term benefits of
year-round schooling, and how could we realize them?

Phillips fourth point is, “ Tests of seemingly similar skills ... sometimes
yield very different estimates of ethnic differencesin achievement.” Here, the
evidence provided by Phillips (in table 7) appears supportive, but | am not sure
that it is strong enough. The problem isthat the measures of math concepts and
math computations are not independent, so simple comparisons of means and
their reported errors are not appropriate to test differences in the effects of
ethnicity on the outcomes. A bit more modeling is required.

Thefifth point cited isas follows: “Different surveys of apparently simi-
lar populations sometimesyield contradictory results” | am not at all convinced
by the comparison of children of the NLSY with those of Prospectsin table 8.
Thekey issue hereis* apparently similar populations.” The CNLSY isahouse-
hold-based survey, and children of women in the NLSY of 1979 have passed
through school over aperiod of years, assuming that Phillips has captured the
experience of those children in full. Those children do not represent all chil-
dren in the birth cohorts because children in the same years may be born to
mothers outside the cohorts of the NLSY. Children of the NLSY are subject to
attrition from both the parent and child samples. Children of the NLSY do not
include children of recent immigrantsfrom the same or different cohortsasthe
mothers of the NLSY. | am not at all surethat it isworth trying to reconcile all
of the differences between Prospects and CNLSY; | am reasonably sure that
the fact that the surveysyield discrepant findings does not initself justify acall
for multiple, independent survey operations.

The sixth point is, “The vocabulary gap between African Americans and
European Americansis already large by the time children are three years old.”
| agree, and that’s why we are here.

What survey research designs might address Phillips’ concerns? | would
suggest, and not for the first time, that the need for replicate observations and
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for alternative methods should be met by the regular initiation of new, and
perhaps modestly sized, longitudinal cohort surveys—and not by larger, one-
time-only or once-per-decade surveys. | have made the same proposal for studies
of adolescent development. We ought to be initiating cohort surveys close to
birth every year—or every other year—as a means of improving our “who,
what, when” understanding. Such surveys should be stratified by ethnic origin,
differentially sampled. And they should provide opportunity for experimenta-
tion with alternative test (and questionnaire) content and observational designs,
aswell as opportunity for core content stable enough to permit aggregation of
findings across cohorts to yield greater statistical power. There is already a
considerable literature on the need for such surveys and on possible designs
(National Research Council 1995). We need not reinvent it here.

Response to the Ferguson and Brown Paper

Ferguson and Brown (1998) focus primarily on the effects of teacher test
scores on achievement test scores in Texas. They briefly consider other mea-
sures of teacher effectiveness: classroom observation—which they dismiss as
too costly and of doubtful validity—and direct observation of student gainsin
test scores. They dismissthelatter asrequiring years of observed data but note,
“When the data are adequate and the analysis is done appropriately, [thisis]
probably the best that we can do at measuring the effectiveness of individual
teachers” | agree about the validity of this method and wonder why it is not
viewed as more practical for the evaluation of teachers beyond point-of-hire.
Many of us—as college and university academics—have had judgments made
about our effectiveness and competence on the basis of accumulated dossiers.
To be sure, these are lists of books, papers, and talks, rather than raw scores,
but the principle is the same.

Ferguson and Brown'’s analyses of the Texas data are for school districts
as units. Since the ratio of student test score standard deviations at the district
level to those at the individual level isas 1 to 3—and similarly for teacher test
scores—much of the analysis of statistical findings passes transparently from
onelevel to the other. Thisis convenient, but perhapstoo much so. Districtsare
not students, and the specification problems that seem obvious to us when we
think about determinants of individual test scores—many of which have been
satisfied by Ferguson and Brown—may not be the right ones to solve at their
level of aggregation. They know it, and they say it, but it remainsapuzzle. The
1 to 3 ratio of standard deviations has an important implication that goes un-
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stated in the text: 90 percent of the variance in student test scores, like 90
percent of the variancein teacher test scores, lieswithin districts. Thereisalot
of room for specification error at the latter level to escape our notice. Think,
for example, of the issue of validity of certification tests such as the TECAT,
and ask yourself whether the Texas school district data bear on that issue.

| also worry about the fact that the dataare from 1985-86, just at thetime
teacher testing wasintroduced. What has happened to the distributions of teacher
test scores, both within and between districts, since that time?Are the standard
deviations of 1985-86 the right metric for usto use in thinking about policies
in the late 1990s?

Ferguson and Brown are both clever and wisein their statistical analysis.
| particularly commend the use of a “difference of differences’ estimator of
the effect of teacher test scores on student gains, reported in table 1. Similarly,
| likethefact that they help uslook directly at the datain figure 1, whichisone
of the most fascinating statistical graphics | have seen in some time. It is a
striking example of what demographerswould call asynthetic cohort analysis,
in which variation of test scores across grade levels within a single year is
taken as a proxy for variation in achievement within a single cohort acrossits
progression through grade levels. What the figure appears to show is that aca-
demic achievement tends to become consistent with initial teacher scoresin
the cases where substantial inconsistencies occur in the lower grades. There
are some reasons to be wary of this finding: The number of inconsistent dis-
tricts is very small, and we do not know why they are inconsistent. And the
data pertain to synthetic cohorts, not real changes in academic achievement
across time.

Finally, if | understand the graphic correctly, this is one case where the
distinction between measurements in standard deviations at the district versus
individual levelsreally makes a difference. Imagine rescaling figure 1 in stan-
dard deviation units of individual test scores. In this case, if | follow the
arithmetic, a consistent, 10-year improvement of teacher scores by two stan-
dard deviations—how feasible is such a gain?—would accumulate to 0.57
standard deviations. That is a substantial fraction of initial black-white differ-
encesin test scores. | sthe evidence strong enough to support such aconclusion?

| would add that thisisastriking, but perhapstoo limited, example of our
need to get closer to the data. We should be doing a great deal more explor-
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atory data analysis, even in situations where we think we know how to model
datasuccessfully. Eveninlarge, longitudinal surveys, that may help usasmuch
in putting together a coherent story as any number of smaller, even smaller and
richer, studies. Model the data, but also ook at the data.

One other question about the Ferguson-Brown paper strikes me as par-
ticularly important. It is mentioned at the close of the paper. How much of the
measurable difference in teacher effectiveness can be attributed to test score
differences? That is, suppose we ran the dummy variable regressions of stu-
dent test score change on “teacher” as described at the beginning of the paper.
What would happen to the coefficients of teachers astheir test scores enter the
equation? And what other teacher characteristics would explain the remaining
effects? We might ask, also, whether the effects of teachers test scores are
diagnostic or causal. That is, do they truly account for teachers' effectiveness,
or are they merely sound evidence to be used in screening potential teachers?
Oneway or the other, what are the costs and benefits of improved supervision
and training relative to—or complementary to—the skills and knowledge that
teachers initially bring to the job? For example, what should we make of the
evidencethat the support of teaching and teachersisamajor impediment to the
success of standards-based reform?

Persistent Issues in Educational Policy Research

These two fine papers also remind me of potential weaknesses and points
of contention in contemporary educational policy research. Two of these points
of contention are the centrality of test scores as educational outcomes and a
possible failure to respect the limits of observational datain answering policy
guestionsthat can only be answered in the language of cause and effect. Thisis
not news, but | think the main points bear repeating.

We are here to think about academic achievement—how it is produced,
how it becomes differentiated, how to measure it, how to measure its produc-
tion. Thisisall well and good: | do not want to be one of those miserablecritics
who say that we should not be here doing what we are doing today. Student
learning is a main objective of schooling, and achievement tests are a great
social invention as well as our main way of measuring student learning. But
we in the research and policy community can focus too much on tests and
testing. The focus on student learning as a key outcome of schooling devolves
into afocus on student test scores as akey outcome of schooling, and the latter
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may devolve into afocus on student test scores as the only outcome of school-
ing. To paraphrase Vince Lombardi’sremark concerning winning, “ Test scores
are not the main thing; they are the only thing.” Asresearchers, we may learn
all about academic achievement—and little else. Asanation, we may get what
we wish for and live to regret it.2

If weknow all too little about educational production functions, we should
be even more humble about our understanding of what makes people healthy,
wealthy, and wise. For 30 years | have been watching as the 10,000 studentsin
the Wisconsin Longitudinal Study have marched through life. Thisisthe same
cohort of 1957 high school graduates portrayed in the situation comedy, Happy
Days. | have learned two things as| (along with my colleagues) have watched
trajectories of schooling, jobs, and family lives, and of states of depression and
well-being and of health and disease. The first—to use a quip by Paul Siegel
from some years ago—is that everything that happens to you before your six-
teenth birthday affects everything that happens to you after your sixteenth
birthday by way of the amount of schooling that you finish. The second is that
adolescent test scores provide no exception to the rule.* Education is not just
test scores, and we should not wish to make it so. Education is a fascinating
bundle of learning and motivation, of values and skills, of behaviors and—
yes—certification, and the easy part of our job isto unbundleit. The hard part
isnot to lose sight of the whole. In asmaller, but older longitudinal study, the
late social psychologist, John Clausen (1991, 1993) summarized the key to the
good life as planful competence—a combination of academic success with
responsibility and motivation.

All of thisbroadens the subject without any reference to the demography
of schooling, with which the connections with academic achievement are per-
vasive, complex—and largely ignored. To go back to the problem of getting
what wewish for, | think itisfair to say that wein the research policy commu-
nity have aroused, and now bear responsibility for moderating, the national
mania for achievement testing. Read High Stakes: Testing for Tracking, Pro-

8 | am reminded of the urban renewal program of the late 1950s and early 1960s, in which
the goal was “decent, safe, and sanitary housing.” That isjust what we got, but only for a
short time, and what we did not get was healthy, viable communities.

4 For example, see Hauser and Sweeney (1997).
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motion, and Graduation, the report of the National Research Council (1999),
if you want to learn more about both of these last two points.

In the closing passage of her paper, Meredith Phillips rightly observes
the distinction between under standing the growth of differentialsin academic
achievement—the main focus of her work—and changing those differentials—
atask for which, she argues, we should turn to large-scale field experiments.
Similarly, Ferguson and Brown muse about the limits of econometric method-
ology in explicating therole of teacher qualificationsin student achievement. |
would put the matter somewhat differently, i.e., observational studies, even
those designed and carried out to the highest standards, are mainly useful in
telling us what has happened, when, and to whom. | am al in favor of putting
such accountsinto the form of statistical models, to the extent justified by the
data and by prior knowledge and plausible assumption. Such exercises are
most valuable—witness Meredith Phillips' compelling finding that summer
deficits dominate winter surpluses of learning among black schoolchildren.
But they do not tell us “how to fix it.” The language of causality provides a
useful way of thinking about the world, but we ought not to invest it with more
belief than our research designs and evidence can sustain.®

5 On the other hand, research on experimental and nonexperimental methods of evaluating
welfare policies and reform provides equally cautionary evidence about the value of
observational data—especially when we take the final leap between theory and practice.
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Dominic J. Brewer and Dan D. Goldhaber
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Introduction

The mission of the National Center for Education Statistics (NCES) is
to collect “...statistics and information ... in order to promote and acceler-
ate the improvement of American education.” To help achieve this, over the
past 20 years NCES, as well as its predecessors, has greatly expanded its
collection of longitudinal data. As aresult, researchers have gained a better
understanding of educational practices and the underlying complex relation-
ships between students, schools, and teachers. In the absence of large-scale,
randomized experiments to determine the effectiveness of educational inter-
ventions and resources, analyses of nonexperimental data can provideinsights
that help policymakers allocate scarce resources and enable practitioners to
improve student achievement.

Analyses of NCES data have generated a large amount of literature fo-
cusing on the key determinants of student achievement and the effects of
programs and policies. Educational productivity studies have focused on the
overall effects of spending on schools and on the effectiveness of particular
educational inputs (Monk 1992). In particular, these studies examine how per
pupil expenditures and school, teacher, and class characteristics (e.g., school
demographics, teacher degree levels, and class size) affect student outcomes
such astest scores. Thisresearch has spawned what iscommonly referred to as
the “does money matter?’ debate. Much of this controversy has been shaped
by older studies cited in Hanushek (1986) that rely on cross-sectional and ag-
gregated data. Although theissueisnot yet settled, the availability of longitudinal
data, aswell asthe use of more sophisticated statistical methods, has advanced
our knowledge in the area. For example, earlier studies examining the impact
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of classsize on student outcomes used dataaggregated to the school and school
district levels. However, recent longitudinal data are specific enough to enable
researchersto use actual class sizesrather than school or district average pupil/
teacher ratios. Detailed longitudinal data have also allowed scholars to exam-
ine controversial educational reforms such as tracking and school choice.

In this paper commissioned by NCES,* we were asked to illustrate how
we have used recent NCES longitudinal databases in our own research to in-
vestigateissuesof “educational productivity,” broadly defined astherelationship
between school resources and educational practices and student achievement.?
Weargue that the National Educational Longitudinal Study of 1988 (NEL S:88)
represents a substantive improvement over previous longitudinal data collec-
tion efforts for research and policy purposes. These enhancements permit the
estimation of awider variety of statistical models of the determinants of stu-
dent achievement and allow researchers to test important hypotheses about
educational practicesthat haveimplicationsfor policy. In particular, the ability
tolink individual studentsto detailed background information about their teach-
ers proves critical to interpreting the results of standard education production
functions. As an example, our own research demonstrates (Brewer and
Goldhaber 1996; Goldhaber and Brewer 1997a, 1997b) that subject-specific
teacher background in mathematics and science is systematically related to
student achievement in these subjects, even though teachers’ higher degreesin
general are not. We suggest a number of further improvementsto future NCES
longitudinal data studies including collection of more refined information on
teacher characteristics and ability, increased frequency of follow-ups, and more
student-level observations per teacher.

The paper begins with a brief introduction to the education productivity
literature, followed by a discussion of some of the advantages of NEL S:88
over previous NCES data, focusing on the substantive findings on teacher sub-
ject-specific preparation. Next, we argue that these data have permitted the

1 This paper is based primarily on the author’s research on teacher qualifications previously
published in the Journal of Human Resources, Advances in Educational Productivity,
Developments in School Finance 1996, and Education Economics.

2 Hence we make no attempt to be comprehensive in reviewing other research here.
That is not the purpose of this paper.
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estimation of a broader set of statistical models, including hierarchical linear
models, fixed and random effect model s, and model s with selectivity. The con-
clusion makes a number of suggestions for future data collection.

School Resources and Student Achievement

The ultimate reason to collect dataisto influence public policy in aposi-
tive way. Thus, researchers are interested, among other things, in furnishing
policymakers with the information required to make prudent resource aloca
tion decisions and to understand which educational interventionswork. Dating
back to the 1966 “ Coleman report” (Coleman et al.1966), there have been nu-
merous studies on how investments in educational resources affect student
performance and labor market outcomes. This line of research falls under the
broad heading of “educational production functions.”®* Most educational pro-
duction function studies seek to explain variance in standardized test scores at
student, school, or school district level shby estimating multipleregression models
that regress student outcomes on individual and family background variables
and school inputs. The broad conclusion of this body of work isthat individual
and family traits explain the vast majority of variancein student test scoresand
that schools play a lesser role. Eric Hanushek notes that these studies as a
whole show that “differences in [school] quality do not seem to reflect varia-
tions in expenditures, class sizes, or other commonly measured attributes of
schools and teachers’ (Hanushek 1986, 1142).

He concludes that there is “no strong evidence that teacher-student ra-
tios, teacher education, or teacher experience have an expected positive effect
on student achievement” and that “there appears to be no strong or systematic
rel ationship between school expenditures and student performance” (Hanushek

8 The notion that there is an estimable education production function for a set of individu-
als within or across classes or teachers or schools or school districts is not unchallenged
(Monk 1992). Like any model, the education production function is certainly a simplifi-
cation of reality, but it isauseful tool. Thisis particularly true for policy purposes
because most applications focus on manipulable, measurable inputs rather than on
intangible variables or amorphous constructs like “ school climate’ that are difficult to
translate into practical recommendations.
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1986, 1162).4 Hanushek’s interpretation of the literature suggests that (public)
schools have asuboptimal allocation of resources (allocative inefficiency), that
they do not operate on the production possibility frontier (technical inefficiency),
or both. In these cases additional teacher inputs or smaller class sizes would
not necessarily imply higher output, ceteris paribus. Thisresult doesnot imply
that schooling resources never affect student achievement positively, simply
that, given the way public schools are organized, additional resources do not
make much systematic difference.

Theview that observable school inputs, and teachersin particular, do not
positively impact student achievement rests on somewhat shaky empirical
ground. Hanushek’s conclusion is based primarily on older work, and there are
good reasonsto believe that much educational productivity research completed
in the 1970s had major deficiencies. One problem islikely to be that key vari-
ables may have been omitted from estimated test score models, potentially
leading to biased coefficient estimates of the included variables.®* Missing in-
formation and crude proxiesfor many schooling inputsin older data make this
likely. For example, many early studieswere unableto control for prior achieve-
ment using a “pre-test” score to net out individual ability (Boardman and
Murnane 1979; Hanushek 1979; Hedges, Laine, and Greenwald 1994).

Additionally, schooling inputs—notably class size and expenditures per
pupil—are measured with some degree of error. Thiserror arises, in part, from
aggregation of variables to the school or district level (Hanushek, Rivkin, and
Taylor 1996). For instance, rather than class size, studies often utilize total
school enrollment divided by the total number of teachers (or professionals) as

4 Hanushek concluded that there is no systematic relationship between observable
schooling resources and student test scores, at least at current levels of resource utiliza-
tion, by noting the direction of estimated input effects (teacher/pupil ratio, teacher
education, teacher experience, teacher salary, per pupil expenditures, administrative
inputs, and facilities) on student achievement, along with whether they were statistically
significant, and simply tallying (“vote counting”) the number of statistically significant
positive and negative coefficients. A “meta-analysis’ by Hedges, Laine, and Greenwald
(1994) using the same set of studies reviewed by Hanushek reached a very different
conclusion. Their basic argument was that the pattern of estimated coefficients in these
studies suggested there were indeed systematic positive effects, although it is not clear
that the alternative interpretation gives any clearer guidance for policymakers.

5 Omitted variables and aggregation bias problems in the context of educational production
functions are discussed in a more formal fashion in Goldhaber and Brewer (1997b); see
also Hanushek (1979) and Hanushek, Rivkin, and Taylor (1996).
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an average pupil/teacher ratio. Thisis problematic given that thereis consider-
ablevariationin class size within schools aswell as between schools. Variables
representing school and teacher “quality” used in most production function
studiesaretypically very crude. For example, teacher degreelevel and years of
experience may be only weakly related to teaching skill. Degree alone does
not distinguish among diplomas given at high- and low-quality colleges or
when the degree was granted, nor doesit convey any information about college
major, certification requirements fulfilled, or subsequent professional devel-
opment. Teacher motivation, enthusiasm, and skill at presenting class material
influence students' achievement, but are difficult traits to accurately measure
and are, thus, omitted from standard regression analyses.

Recent Longitudinal Data: Reducing Omitted
Variables and Aggregation Bias

Advances in statistical techniques and the collection of two large-scale
longitudinal databases by NCES, High School and Beyond (HS& B) and the
National Educational Longitudinal Study of 1988 (NEL S:88), have allowed
researchers to learn more about how school resources impact students. In this
section we first review the advances in these data and introduce our work on
teacher subject-matter preparation, which reduces the omitted variables and
aggregation bias problemsinherent in earlier studies.

HS&B and NELS:88

High School and Beyond (HS& B) was one of the first large-scale longi-
tudinal databases. A cohort of students were tested in both tenth and twelfth
grades, permitting researchersto use a*“value-added” methodol ogy—examin-
ing how much students learned between two points in time (as measured by
standardized tests), using apre- and post-test. Unfortunately, teacher datawere
only collected in 1984, two years after the students had graduated and, there-
fore, could not belinked back to particular students. Hence, like previouswork,
statistical models estimated using individual level test scores had to rely on
school-level measures of variables such as class size and teacher experience
(Ehrenberg and Brewer 1994).

The NEL S:88 data represent a substantial improvement over HS& B be-
cause they include concurrent, detailed school and teacher data collected in
such away that researchers can link students to their particular teachers and
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classes. The NEL S:88 study isanationally representative survey of about 24,000
eighth grade students conducted in the spring of 1988, with follow-ups con-
ducted in 1990, 1992, and 1994. At the time of each survey, studentstook one
or more subject-based tests in math, science, English, or history. The tests
were carefully designed to avoid “floor” and “ ceiling” testing effects and were
put on acommon scale using Item Response Theory.® Linked student-teacher-
class data allow an investigation of the impacts of specific class size, teacher
characteristics, and peer effects on student achievement. NEL S:88 is constructed
in such away that students can be linked to data gathered in a separate teacher
survey that provides information on the teacher’s background and teaching
methods and curricula used in the particular class the tested student is taking.
This represents a major advance.

Of course, there are still some important deficiencies in the NEL S:88
design. For example, the study skips a year in sampling students so informa-
tion on the characteristics of schools, teachers, and classes is missing for the
ninth and the eleventh grades. Because information on the ninth and eleventh
grades is left out of the survey, studies that use the NEL S:88 may suffer from
omitted variables bias. The direction and magnitude of this bias depends on
the relationship between the tenth and/or twelfth grade characteristicsincluded
in the survey and those in the excluded grades. Further, in each follow-up to
the eighth grade base year, there are fewer students per class (i.e, thereisa
fanning out of the original set of eighth grade students to multiple teachers and
classes by the tenth grade). As aresult, in some cases there are as few as one
student per class and teacher in the follow-up surveys. This makes it more
difficult to distinguish between teacher and class effects.’

Several researchers have taken advantage of the ability to link studentsto
their classes and teachers. For example, the magnitude of the effects of class
size on student achievement haslong been debated, but thereis currently wide-
spread interest in class size-reduction policiesat federal and statelevels (Parrish
and Brewer 1998). In the absence of large-scale experimental data, such as

6 For more information on this methodol ogy, see Rock and Pollock (1991).

”  Thisisnot a problem for some kinds of statistical model (e.g., ordinary least squares,
random effect models). In all of our work we use tenth grade school, teacher, and class
variables, and in most cases impose no restrictions on the minimum number of student
observations per class or per teacher.
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Project STAR in Tennessee, nonexperimental production function type studies
will continue to be important, so it is hecessary to have data that allow for the
best possible test of the relationship between class size and student outcomes.

Many of the class size studies cited by Hanushek (1986) have found no
rel ationship between class size and student achievement. Some have even found
that achievement is higher in larger classes—this is clearly counterintuitive.
Using NEL S:88, Akerhielm (1995) shows that students are not randomly dis-
tributed across classes within schools. Low-achieving students tend to be
assigned to smaller classes. Without accounting for this nonrandom assign-
ment of studentsto classes, there appears to be a positive rel ationship between
class size and achievement. However, when statistical models incorporate this
nonrandom assignment, the rel ationship becomes negative (i.e., smaller classes
result in higher achievement) between class size and student achievement. Be-
cause NEL S:88 links students to a particular class, Akerhielm was able to
measure the actual class size rather than an aggregate pupil/teacher ratio.

Teacher Subject-specific Preparation

Theability tolink studentsto their particular teachers afforded by NEL S:88
has also allowed researchersto better understand how teachers affect students.
Ehrenberg, Goldhaber, and Brewer (1995) were able to shed some light on the
issue of “rolemodels’ in education by investigating whether the race-ethnicity
and gender of teachers impact student test scores.® Similarly, NELS:88 per-
mits an investigation of whether the subject-specific preparation of teachers
affects student achievement. The National Commission on Teaching and
America sFuturein 1996 reported that one-fourth of high school teacherslack
college training in their primary classroom subject. Underlying this concern
about out-of-field teaching is the assumption that teachers with degreesin the
subject that they teach are more effective. Although this may seem a
commonsense proposition, there is relatively little quantitative work on the
relationship between educational outcomes and teacher subject-specific

8 Thisresearch showsthat, on balance, teachers’ race-ethnicity and gender are more likely to
influence teachers' subjective evaluations of their students than to affect student achieve-
ment as measured by standardized tests. The important point here, however, is that this
research would not be possible without teacher data directly tied to individual students.
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preparation, because most data used for these analyses do not contain this
information.®

Using samples of students in four subjects,’® Goldhaber and Brewer
(1997a) estimated standard education production function models in which a
student’s tenth grade test score in a subject is regressed on (1) individual and
family background variables (e.g., sex, race-ethnicity, parental education, family
structure, family income, and eighth grade test score); (2) tenth grade school
level variables (e.g., urbanicity, regional dummies, school size, the percentage
of studentswho are white, the percentage of students from single-parent fami-
lies, and the percentage of teachers with at least a master’s degree); (3) tenth
grade teacher variables (e.g., sex, race-ethnicity, years of experience at the
secondary level, whether the teacher is certified, and his or her degree level);
(4) and tenth grade class-level variables (e.g., class size and percentage of mi-
nority students in the class). The results from these models demonstrate two
important things. First, school level aggregates, such asthe percentage of teach-
ersin a school with at least a master’s degree—the extent of information on
teachers available in previous data, are statistically insignificant in all esti-
mated statistical models regardless of subject.

Second, the ability to include subject-specific teacher degree and certifi-
cationinformationiscritical to interpreting the results of these statistical models.
Thisisillustrated intable 1. Columns (1), (3), (5), and (7) of thetable show the
estimated regression coefficients of the teacher variablesincluded in the model,
while columns (2), (4), (6), and (8) show the results when we include more
refined subject-specific teacher characteristics (whether the teacher is certified
in hisor her subject areaand whether the teacher has BA or MA degreesin his
or her subject areq). These variables allow us to distinguish between teachers
who have BA or MA mgjorsin the subject they teach, those who have certifi-
cation in the subjects they teach, and those who do not have subject-specific
training. Inthe models reported in columns (1), (3), (5) and (7), years of teach-
ing experienceis not astatistically significant item, nor iswhether the teacher

® Monk and King (1994) report that teacher subject matter preparation in mathematics and
science does have some positive impact on student achievement in those subjects. Again,
thisinsight is made possible only because the Longitudinal Survey of American Youth
(LSAY) datathat they used links students with individual teachers.

10 The sample sizes for the four subjects were 5,113 students in math; 4,357 studentsin
science; 6,196 students in English; and 2,943 students in history.



177

Improving Longitudinal Data on Student Achievement: Some Lessons

(e/66T) JoMaIg pue Jageyp|oo wolj pasnpoiday

‘lens| 1uadiad g ayi 1e 1uedliubis Ajjeonsiels si a1ewiisa ayl saredipul
096'T pue ‘[aAa] Jusalad QT 8yl 1e Juedliubis Ajjeonsiels si alewnsa ayl sa1edipul 69T ueyl Jareall onsnels 1 Aue ‘sazis sjdwes asayl YA\ :J1ON

'SSe[2 3y Ul sjuapnis Allouiw
Jo abejuaoiad pue azis sse|d apelb yiual pue ‘Alo1uyle-adel pue xas Jaydeal apelb yiua) ‘eaibap sJalsew e 1sea| 1e yum siayoeal Jo abejuaaiad
ay} ‘saljiwey Juared-a)buls wolj syuapnis jo abeiuadlad ay) ‘alym ale oym syuapnis jo abeluasiad ayl ‘azis [00Yds ‘salwwnp [euolbal ‘Aloiueqin

‘$9109s 1591 apelb yybia ‘awooul Ajiwey ‘ainonais Ajiwe; ‘uoireanpa ejuated ‘ANdluyia-adel ‘Xas :sa|qelien Buimol|oy 8yl apn|oul oS[e S|I9PON.

v.2°0 G/2°0 5090 5090 8.€°0 LLEO 19L°0 9920 <4 paisnipy
€62 €v6e 96T9 96T9 LGEY LGEY €TTS €TTIS 9z1S s|dwes
(€'0) TOT'O - (€'0) 8200 - (0°0) zoo'0 - (T°2) 96570 - 109[gns ul a1ow 10 YN
(z’0)950°0- (1°0)8€0°0- (+'0)S§80°0- (¥°0)0L0°0- (T°0) €200 (z'0) 0g0°0 (zo)zesoo (271)iveo0 aaubap aiow 10 YN
(8'0) evz0- - (€'0) 0€T'0 - (€'€) €890 - (9°€) 69270 - 108[gns ur alow Jo vg
(0'0) €00 - (6°0) 589°0- - (eT)oeT'T - (o) elte - 193[ans Ul payad
(To)evto (o) olto (L0)sv90- (6T)292T- (21)lego- (€0)0vT 0 (e2)evez- (60 TTSO- payiIad
(21)g200 (91) G200 (2°0) £L000- (9°0) L00'0O-  (9°0) L0O'O (2'0) 000 (TT)eroo  (S1)8T00 [9A9] Arepuodas
1e 9oualiadxa JO SIeap
(8) (2) (9) (q) (v) (€) (@ (1) Sa|gelieA Jayoeal
A101S1H ys1bug ERIVETRIS yren

(onsneis- 1o anfea ainjosqge)
£SUOII0UNS UOI1ONPOId [eUOIIBINPT WOJ} SIUBIDI}I80D Pal1da|as Jo uosiiedwo) T 9|qel



178 Dominic J. Brewer and Dan D. Goldhaber

has a master’s degree—implying that teachers with master’'s degrees are no
more (or less) effective than those without advanced degrees. The results for
teacher certification are similar in that we find the coefficient on teacher certi-
fication to be statistically insignificant (except in English, where teacher
certification is significant and negative). If these were the only variables avail-
able, one might erroneously conclude that teacher preparation does not matter.

By contrast, in math and science, teacher subject-specific training has a
statistically significant impact on student test scores in those subjects [col-
umns (2) and (4)]. A teacher with a BA or an MA in math has a statistically
significant positive impact on students’ achievement relative to teachers with
no advanced degrees or degreesin non-math subjects.** Further, thesefindings
appear to reflect subject-specific training rather than simply teacher ability.

Table 2 shows the estimated effects of model specification on predicted
tenth grade achievement scores in math and science (we do not show English
and history, because none of the subject-specific variables were statistically
significant). We can infer the magnitude of the effect of teacher training on
student achievement by examining the estimated coefficients in the models
that include subject-specific information. For example, the effect of ateacher’s
having an MA in math is the sum of the coefficients of MA and MA major in
math. We see the impact of model specification in math and science by com-
paring columns (1) and (2) for math and columns (3) and (4) for science. In
both math and science, a subject-specific BA degreeimproves student achieve-
ment; and the results are even more pronounced for math, where an MA in
math also has a statistically significant effect on achievement. In the model
with general teacher variables, we predict students (with average characteris-
tics) who have ateacher who is certified in math and hasboth aBA and an MA
in math to have a tenth grade math score of 44.06. However, these same stu-

11 See Goldhaber and Brewer (1997a, 1997b) for more details on various robustness checks
and statistical tests performed on these models. We find no evidence that certification or
subject-specific degrees have an effect on student achievement in English or history,
where the subject-specific variables were statistically insignificant.

2. Teacher math and science degrees may serve as proxies for teacher ability. To test this
hypothesis, we re-estimated all models, including whether a teacher has a math or
science degree in the English and history regressions. If math and science degrees serve
as proxies for teacher quality, we would expect the coefficients on these variables to be
significant and positive in all of the subject areas, including English and history. Thisis
not the case. Neither the math nor the science degree level variables are statistically
significant in the English and history regressions.
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dentsare predicted to have atenth grade math score of 44.69 when the subject-
specific specification of the model is used. The difference between these
predicted scores, .63, is about 5 percent of the tenth grade math test standard
deviation, arelatively small (but statistically significant) difference. Thisfind-
ing is important, because it suggests that student achievement in technical
subjects can be improved by requiring more in-subject teaching. The estima-
tion of statistical models that yield this finding is only made possible by the
linked and detailed data available in NEL S:88.

Recent Longitudinal Data: Permitting a Broader
Class of Statistical Models

In addition to reducing the omitted variables and aggregation biases in
earlier production function studies problems (Goldhaber and Brewer 1997b;
Hanushek, Rivkin, and Taylor 1996), the NEL S:88 data allow researchers to
estimate abroader class of statistical modelsthat may have useful implications
for understanding educational productivity.

Hierarchical Linear Models

One example of such a model type made possible by NELS:88 isillus-
trated by Lee and Smith (1997), who investigated the relationship between
school size and student achievement using atechnique called hierarchical lin-
ear modeling (HLM). The basic approach of HLM is to first estimate a
within-group model and use the estimated slope coefficients as the dependent
variablein asecond across-group stage. The HLM technique has becomewidely
used by educational researchers to model effects that are thought to corre-
spond to particular levelsor groupings. It may be argued that standard statistical
models(e.g., ordinary least squares) yield inefficient estimates of the effects of
some schooling variableswhen those variables affect groups of studentsjointly.
Thisisbecauseindividual level models, whichinclude higher-level effects(such
as school climate), may not adequately capture the contextual impact of these
higher-level effects. Thus, the NEL S:88 data permit these types of models be-
cause they contain multiple observations per class, teacher, and school. Several
researchers have taken advantage of this data structure to examine different
hypotheses.*?

18 For instance, see Lee, Smith, and Croninger (1997) for an investigation of how the social
and academic organization of high schools affect learning in math and science and
Gamoran (1996) for a comparison of public and private school achievement.
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Although HLM isintuitively appealing and may yield efficiency gains, it
isimportant to notethat, like any other statistical model, it requires aparticular
data structure and is predicated on a set of assumptions, such as the distribu-
tion of the error term. Further, it is only possible to estimate these models
when there are multiple observations at each contextual level .4

Thus, with the NEL S:88 data, HLM utilizes only a sub-sample of al the
potential studentsin the sample and someinformationislost. Additionally, the
choice over the level of the effect is somewhat arbitrary. For instance, Lee and
Smith (1997) specify the effect at the school level but ignore the potential for
class-level effects. Similarly, one might argue that the contextual effect is at
peer (small group) or neighborhood levels, both of which aretypically ignored.
Finally, HLM does not permit researchers to handle situations when the first-
level outcomesand second-level regressorsarejointly determined (endogenous)
(Mason 1995). For instance, school quality may play an important roleinin-
fluencing parental choice of school sector. Unless models explicitly account
for thistype of selection, they will yield biased coefficient estimates. The bot-
tom lineisthat although HLM may yield more efficient estimates of contextual
effects, it only addresses one of the many problems associated with using
nonexperimental data, such as omitted variables bias, sample selection bias,
and endogeneity.

Fixed- and Random-Effects Models

The NELS:88 data do allow researchers better opportunities to investi-
gate some of these issues. For example, Goldhaber and Brewer (1997b) usethe
datato test whether unobservabl e teacher characteristics cause systematic bias
in the estimated effects of observable variables. Thisis made possible because
the structure of the data permits the estimation of fixed- and random-effects
models. Theresults of thiswork suggest that unobservabl e teacher characteris-
tics such as motivation and skill are not systematically related to observable
teacher characteristics and that this does not cause biasin standard educational
production function studies.

In follow-up work, Goldhaber, Brewer, and Anderson (1999) calculate
the role of individual, family, school, teacher, and class characteristics in ex-

4 Itisnot clear, however, how many observations are required at each level to adequately
capture the contextual effects in question.
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plaining variance in student (math) test scores. In doing so, they distinguish
between the contributions of observable and unobservable factors. They find
the vast mgjority of varianceisexplained by individual and family background
characteristics (about 60 percent). Overall, school, teacher, and classvariables,
both observed (e.g., class size and teacher certification and degree level) and
unobserved (e.g., teacher motivation and parental involvement), account for
approximately 21 percent of the variance in student achievement. Of this 21
percent, only about 1 percentage point (or 4.8 percent) is explained by observ-
able educational variables, and the remaining 20 percentage points (or 95.2
percent) are made up of unobservable school, teacher, and class effects.

These unobservable effects may represent variables, such as the climate
in the schooal, the students’ peers, the ability of the teacher, or unobservable
family background characteristics that are not adequately controlled for in the
model.

Selectivity-Corrected Models

Theissue of student selection also often arises when researchers attempt
to understand how schools impact students. Student selection is another form
of omitted variables bias that occurs when individual characteristics not easily
quantified in data are associated with a choice made by those individuals. For
instance, one educational reform that has recently gained a great deal of atten-
tion is the use of educational vouchers (school choice). Proponents of choice
often point to student success in private schools as evidence of greater educa-
tional productivity in the private sector.™> However, private school s can establish
admissions criteria, such as minimum test scores, whereas public schoals, in
general, must accept al students. Private schools also tend to serve students
whose parents are more affluent and well educated. Thus, it isnot immediately
clear that differences in performance between public school students and pri-
vate school students are a direct result of the delivery of education or due to
differencesin their background.

Numerous studies have examined thisissue, notably an HS& B-based study
by Coleman et al. in 1981. Thiswork was widely criticized because it did not

5 On average, private schools have higher standardized test scores, graduation rates, and
college matricul ation rates than do public schools.
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adequately control for selection into school sector. Goldhaber (1996) and Figlio
and Stone (1997) both use the NEL S:88 datato tackle the selectionissuein the
context of public and private schools.’® They find little or no differencein the
effectiveness of public and private schools. Simulations of what would happen
if a student were to switch school sectors indicate that, holding all else equal,
the large difference between public and private schools in mean standardized
test scoresisaccounted for primarily by student background, school resources,
and student selection, rather than differences in how effectively schools use
the resources that they have.

Other data would permit asimulation of this type but would not account
for teacher- and class-level differences. A very similar procedure has also been
used in a series of studies examining the effectiveness of ability grouping
(tracking).*’

Conclusion: Further Improvements in the Data

In this paper we have argued that recent improvements in longitudinal
data collection permit researchersto better tackleimportant unresolved educa-
tional policy issues, such asthe effects of class size and teacher preparation on
student achievement and the effectiveness of private schools. The availability
of more detailed datawith students linked to teachers reduces the likelihood of
aggregation and omitted variables biases, and the design of NELS:88 with
student-, class-, teacher-, and school-level information permits the estimation
of a broader class of statistical models than has previously been possible. Al-
though large-scale controlled experiments are clearly preferable, we believe
that the advances made in nonexperimental data collection and methodol ogy
over the past decade represent a substantive improvement.

%6 This methodology uses a statistical procedure known as the Heckman two-step method
(Heckman 1979), which requires variables that affect choice of school sector but do not
affect student achievement. NEL S:88 contains aricher set of variables that potentially
fulfill this requirement. See Figlio and Stone (1997) for a detailed discussion of this
point.

17 Although a number of small-scale experiments have suggested that placing studentsin
classes of heterogeneous ability benefits all students, this conclusion is controversial.
Large-scale nonexperimental studies using NEL S:88 suggest the effects are not so
simple. See, for example, Brewer et al. (1995) and Argys et al. (1996).
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We believe a number of improvements could be made in future NCES
longitudinal data to further reduce the potential for omitted variables and ag-
gregation biases and allow for the estimation of more sophisticated statistical
models. For example, one problem with NELS:88 is that students are only
surveyed every two years. This means that data about the students' academic
and other experiences in the intervening year are lost.’® As noted above, this
creates the potential for bias in any model of student achievement growth.
Additionally, it would be useful for research purposes to have more detailed
class-level information, particularly on the socioeconomic status of the stu-
dents in each class. This is crucial to understanding peer effects. The ideal
would beto continueto collect data on teachers and classes and test scores that
correspond to the students’ exposure to particular teachers and classes.

Aswe have stressed in this paper, the link between students and teachers
isacritical addition to NEL S:88 and should be maintained. However, thislink
would be even more useful if additional data about teacher background were
available. For instance, the few studies that have had measures of teacher (ver-
bal) ability, for example, in the form of a teacher test score or selectivity of
undergraduate institution, have found it is related to student achievement
(Coleman et a.1966; Ehrenberg and Brewer 1995; Ferguson 1991). However,
collecting ateacher test score could be controversial. It would be necessary to
obtain information on standardized tests that teachers have taken in the past
(e.g., SAT, ACT, and NTE) either through transcript collection or by adminis-
tering new teststhat measure teacher knowledge and ability. Either option could
be costly and time-consuming. A third alternative that islikely to be useful, but
less costly, isto collect evaluations of individual teachers by the school princi-
pal (since the principal is already being surveyed).

Information on the year that teachers obtained their licensure and the
state from which they obtained their licenses would also be quite useful. This
would be a relatively low-cost addition—perhaps as little as one item on the
teacher survey—nbut it would allow researchersto better identify the effects of
state and institutional policies. This appears particularly important given that
policymakersin many states have recently overhauled (or are considering chang-
ing) their licensure and/or teacher preparation requirements.*®

8 Given budgetary constraints, one option would be to collect an abbreviated set of student
and teacher variables in the intervening years.

1 One possibility isto collect information in such away that future data can be linked to
the Schools and Staffing Survey, which contains these types of data.
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In considering possible additions to the data, we recognize that there are
constraints on the amount of information that can be collected. Thus, we would
de-emphasize the importance of collecting items relating to student, parent,
and teacher beliefs, attitudes, and feelings. We consider these to be intermedi-
ate variables that are, in many cases, byproducts of actual individual qualities
and institutional policies. Therationalefor thissuggestionisthat policymakers
can only indirectly influence beliefs, attitudes, and feelings through the incen-
tive structuresthey create (e.g., the structure of teacher compensation) through
policy levers.

A major cost saving could also be achieved by putting less stress on
collecting nationally representative samples. Sampling fewer schools with
more data on students and classes within a smaller number of schools is an
aternative.

We recognize that NCES has an obligation to provide national educa-
tional indicators; however, thisis less important for the kinds of multivariate
statistical models that researchers find most persuasive in tackling the most
important policy questions. The reason isthat, for statistical purposes, it is not
necessary to have a nationally representative sample to obtain accurate esti-
mates of the effects of the variables of interest.

Finally, one weakness of NEL S:88 is the limited number of student
observations per teacher and class. This limitation means that it is difficult to
separate teacher effects from class-level effects. The more student observa-
tions per class and the more classes per teacher, the more we can learn about
how teacher characteristics or behavior affects student outcomes and how these
factors are related to the types of students being taught. While our findings on
teacher preparation derived from the NEL S:88 study are important for policy,
future data collection could alow researchers to gain a more comprehensive
understanding of the complex relationships between students, teachers, and
schools.
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School-level Correlates of Reading and
Mathematics Achievement in Public
Schools

Donald McL aughlin and Gili Drori
American I nstitutes for Research

Introduction

The Schoolsand Staffing Survey (SASS) conducted by the National Center
for Education Statistics (NCES) offers the most comprehensive picture avail-
able of the education system in the United States. Initiated in 1987-88 and
repeated in 1990-91 and 1993-94, SASS consists of surveysof districts, schoals,
principals, and teachers that are associated with a national sample of schools.
It offers information on issues such as policies, programs, services, staffing,
and enrollment at both the district and the school levels, as well as the princi-
pals’ and teachers' background, training, experience, perceptions, and attitudes.
Given the broad reach of SASS, it can speak to a variety of important educa-
tional research and policy questions. The value of SASSwould be even greater,
however, if the relationship between these measures and the level of achieve-
ment in schoolswere known. As noted by others (Boruch and Terhanian 1996,
Kaufman 1996), combining this survey information with datafrom other sources
would allow SASS to more meaningfully inform debates over which factors
relate to school effectiveness and could contribute to a broad-based eval uation
of school improvement strategies.

The aim of this paper isto show the potential value of alinkage between
the SA SS database and i nformati on on student academic achievement collected
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by individual states.! Most states currently collect state assessment data? on
their public schools and thus offer state-specific information on school perfor-
mance in terms of student test scores. Although many different assessment
instruments are used across the states, they all aim to provide an indication of
the reading and mathematics achievement levels of their schools. By trans-
forming each school’s score to a z score relative to other schools tested at the
same grade in a state, there is potential for pooling analytical results across
states to increase both power and generalizability.

While pooling information from individual states into a single database
can add substantial power to analyses identifying school-level correlates of
achievement in SASS schools, it does not capture between-state sources of
covariation with achievement. State policies and state demographicsfrequently
[imit the variation of education practicesin a state, so that within-state asso-
ciations with achievement are attenuated. To capture the full range of
achievement variation between schools across the nation, one must include
between-state variation. That variation is reported by State NAEP, the com-
ponent of the National Assessment of Educational Progress (NAEP) which
focuses on state-by-state achievement assessment. To eval uate whether com-
bining state assessment scoreswith State NAEP datawould increase the value

1 This paper is based in part on a project carried out by the authors for the National Center
for Education Statistics, through the Education Statistics Services Institute. The authors
wish to thank the project officer for that project, J. Michael Ross, for his thoughtful
suggestions and encouragement during the course of the work. We also wish to thank
Adam Gamoran, Robert Hauser, Valerie Lee, and Stephen Raudenbush for their thought-
ful reviews of an earlier draft. Nevertheless, the conclusions expressed in this paper are
solely those of the authors, and no endorsement of these conclusions by reviewers or by
the Center should be inferred.

We appreciate the help provided by the Center and 20 State Education Agenciesin
providing the data for this project, and we appreciate the work of staff of the American
Institutes for Research, including Mary Anne Arcilla, Grace Wu, Elizabeth Hartka, and
Inna Shapotina, in putting the database together. Finally, we recognize the thousands of
hours of time spent by the respondents to these surveys and assessments, who provided
information that can be used to improve education policies and practices.

2 1n1994-95, 45 U.S. states had a statewide assessment system; the remaining five states
either did not have a statewide system at all or had temporarily suspended their programs
(National Education Goals Panel 1996). In 1995-96, 46 states administered statewide
assessments (Roeber, Bond, and Braskamp 1997). In 1996-97, 45 states administered
statewide assessments (Roeber, Bond, and Connealy 1998). Some educational assessment
isdone in every state, and in most of the few states without statewide testing programs,
most districts use nationally standardized tests for assessment.
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of the linked database, this study focused on states which both conducted
statewide assessments in 1993-94 and participated in the 1994 State NAEP
fourth grade reading assessment. Thus, in each of the 20 states included in
this study, individual state assessment data are available for most or all pub-
lic schools, along with summary NAEP results based on approximately 2,500
students in 100 random schools in the state.

To assess the potential value of combining SASS with achievement data
at the school level requires three steps: (1) matching the schools on the 1993—
94 SASSfile with state reading and mathematics assessment scores for public
schools in 20 states; (2) creating a comparable achievement measure for the
matched schools from the combination of state assessment and State NAEP
information; and (3) carrying out analyses to test hypotheses by modeling the
relationship between a variety of SASS school-level responses and average
student assessment scores at the school level. The hypotheses selected for the
third step concern theidentification of school-level correlates of student achieve-
ment. Although analyses of school-level information collected at one point in
time cannot be used either to identify individual-level correlates of achieve-
ment or to draw direct causal inferences, they can potentially provide abasis of
evidence for addressing issues of strategies for school improvement.

Combining SASS and State Assessment Data

The linkage of state assessment data to the SASS file required access to
restricted information concerning the identification of SASS schools. NCES
has established clear criteria for acceptable procedures for storing and using
confidential information, and the American Institutes for Research (AIR) have
complied with these criteria. Although the linkage might have been possible
with information about schools’ names and addresses, it was greatly facilitated
by the use of an intermediate linkage of both SASS and state assessments
through the Common Core of Data (CCD). The 1991-92 CCD file, which
served as the sampling frame for SASS, identifies most of the 86,287 public
schoolsin the country by both their federal and their state identification codes.®

8 Information about CCD can be found on the NCES Web page: http://www.ed.gov/
NCES!.
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In most cases, school records on state assessment files included the state’s
identification code, which enabled an automated matching procedure.

These 20 states contained 3,785 of the 8,767 SASS public schools. Of
these 3,785 SASS public schools, 2,916 had students enrolled in grades corre-
sponding to the state assessment; and 2,628 were identified as having both
SASS and state assessment information.® Of these, 66 had no teacher data, and
one had erroneous mean achievement scores, so thefinal file used for analysis
contained 2,561 school records: 1,123 elementary schools, 496 middle schools,
595 secondary schools, and 347 combined-grade schools. The database in-
cludes at least 50 schoolsin each state and constitutes a broad sample of large
and small, urban and rural, affluent and impoverished public schools.

The coverage of therange of educational contextsin the United States by
the schools in the sample determines the extent to which inferences based on
analyses of the database can be expected to generalize to other schoolsin the
country. Although SASS includes both public and private schools, state as-
sessment data are collected for public schools only; hence, the SASS student
achievement subfile created for this report is limited to information on public
schools.

The 2,561 public schoolsincluded in the study are only slightly different
from the general population of American public schools on most measures
examined. Although 51 percent of the elementary, middle, and secondary
schoolsin the study sample were elementary schools, compared to 63 percent in

4 A few of the schools were identified “manually” by matching their state, city, or zip code,
either because the federal identification code was missing from the restricted SASSfile
or because the state identification code was not included on the assessment file. Details
of the file development process can be found in Wu, Royal, and McLaughlin (1997).

5 Of the other 288 SASS schools, 254 did not match with state assessment, and 34 merged
with state assessment files but did not have usable mean scores in both reading and
mathematics. In addition, 112 of the 254 nonmatching schools were special, aternative,
or vocational education schools, or schools that had an enrollment of fewer then 10 in the
grade assessed; and 86 were not included in one state's (Pennsylvania s) assessment
sample in 1993-94. As a measure of the success of the matching process, 2,662 of the
2,718 SASS public schools that were expected to have matching assessment scores were
matched, for a match rate of 97.9 percent.
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the nation®, the percentages of central city, urban fringe, and rura schoolsin the
study sample were each within one percent of the percentagesin the population.’

Results of analyses carried out separately for this sample of elementary,
middle, and high schools, while not quantitatively representative of public
schools in the nation, can suggest possible generalizations to other American
schools. In any case, separate analyses by gradelevel are essential in using the
SASS student achievement subfile, not only because different factors are re-
lated to achievement at different levels, but al so because different achievement
measures are used in each state at the different school levels

Finally, because the sample consists of a nonrandom subset of 20 states,
no claims can be made that estimates of effect-sizes are quantitatively repre-
sentative of the nation. The states included in the file are Alabama, California,
Delaware, Florida, Georgia, Hawaii, Kentucky, Louisiana, Maine, Massachu-
setts, Michigan, Montana, New Hampshire, New York, Pennsylvania, Rhode
Island, Tennessee, Texas, Utah, and Washington.

A School-level Measure of Student Achievement

Thefirst step in rendering state assessment scores comparableisto com-
pute each school’s score as it relates to other schools' scores in the state at the
same grade. That is, the (unweighted) mean score of the schools in the data-
base for the particular grade and state is subtracted from each of the scores to
create a score with amean of O at each state and grade; then these scores are
divided by the standard deviation of the school scoresto create a score with a
standard deviation of 1.0.

Using this measure, third grade reading scores in one state, fourth grade
reading scoresin another, and fifth grade reading scoresin athird are taken to
be comparable achievement measures for the purpose of computing within-
state correl ations across elementary schools with factors such as average class

6 The SASS student achievement subfile included 347 ungraded schools, or 14 percent of
the total, a much larger representation of ungraded schools than in the population (3
percent). However, ungraded schools were not included in the analyses reported in this
study.

7 Additional descriptive comparisons of the schools in the SASS student achievement
subfile with other public schools are reported by Wu, Royal, and McLaughlin (1997).
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size and school behavioral climate. All achievement differences between states
areremoved in thismeasure, so comparisonswith school characteristicswould
also need to remove between-state variation in school characteristics.

The second step is, therefore, to re-introduce between-state variation us-
ing acommon standard, State NAEP. |n aseparate study, the State NAEP schools
were linked to state assessment scores; and the means, standard deviations,
and correlations of State NAEP school means with state assessment school
means were computed. Those results were used in this study to create reading
and mathematics achievement measures that include (1) between-state varia-
tion in means, (2) between-school variation proportional to between-school
variation among State NAEP schools, and (3) afactor that attenuates within-
state variation for statesin which the assessment is only moderately correlated
with State NAEP. The effect of the third factor, multiplying by the correlation
between the NAEP and state reading assessment scores, “projects’ the state
assessment variation onto the NAEP scale, capturing that part of the state as-
sessment score that is like NAEP?®

Thus, this achievement score “ spreads schools apart” in states in which
(a) school NAEP scores are more varied and (b) the state assessment appears
to be measuring skillshighly related to NAEP. The effect of thisspreading isto
give greater weight to variations within these statesin the estimation of corre-
lations of achievement with SASS measures.

Important assumptions are needed to apply the NAEP adjustment to the
scores at grades other than fourth and to mathematics scores. The between-
state NA EP adjustment was based on the 1994 State NAEP grade 4 assessment
for reading and on the 1992 and 1996 State NAEP grades 4 and 8 assessments
for mathematics. Application of these adjustments to state assessment scores
in middle school (for reading) and high school is based on the assumption that
variation in achievement between statesis stable across grades. The 1992 and
1996 State NAEP mathematics assessment results support this assumption, in
that the correlations between the grade 4 and grade 8 state means are 0.95 and
0.92, respectively (Mullis, Campbell, and Farstrup 1993; Reese et al. 1997).

8 An alternative to projecting the scores onto the NAEP reading scale would be to omit the
third factor, treating each state's reading assessment as the relevant outcome for that state.
However, it would be more difficult to characterize an achievement measure that is based
on different scales across states.
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However, no information is available regarding State NAEP means at the high
school level.

The use of 1992 and 1996 State NAEP state means and standard devia-
tions to construct the 1994 mathematics adjustment assumes that state means
varied smoothly, if at al, from 1992 to 1994 to 1996. In fact, the correlations
of this study’s 20 State NAEP mathematics means between 1992 and 1996
were 0.91 for grade 4 and 0.93 for grade 8, suggesting that interpolating 1994
figures from 1992 and 1996 figures is reasonable.

Finally, the correlations used in the adjustments were based on grade 4
reading assessments. Use of these correlations in the adjustment of within-
state variation in math scores assumes that between-state variationsin reading
and math are highly correlated. Because state assessments usually combine
reading and math tests from the same publisher and in the same testing ses-
sion, it is plausible to assume that factors that would affect the reading
correlations in different states (e.g., the reliability of the state assessment in-
strument and distribution of state assessment scores) would also affect the math
correlations. The 1992 State NAEP assessmentsin reading and mathematicsin
grade 4 indirectly support thisassumption, in that the correlation between read-
ing and mathematics state meansis0.94 (Mulliset al. 1993). Nevertheless, the
guestion remains whether the results of substantive analyses will be dimin-
ished by the extrapolation of between-state variation in average achievement
from grade 4 to middle and high school variation. Comparative analyses of
NAEP-adjusted vs. pooled within-state findings across school levels (carried
out in this study) address this question.

Although State NAEP data were used to capture between-state varia-
tion in achievement, it would be highly misleading to interpret the SASS
student achievement measures as a surrogate of the school’s average NAEP
proficiency. First, State NAEP differs from individual state assessments in
student sampling (each student takes only a fraction of the NAEP test), ad-
ministration (a federal government contractor trains test administrators and
monitors many testing sessions), motivation (NAEP is a low-stakes assess-
ment with no individual student or school reporting), and item formats (NAEP
has a substantial portion of extended open-ended items). The achievement
measure devel oped for this study yields an unbiased estimate of school NAEP
means, but with different standard errors in each state. The measure is not
dependent on evidence that NAEP is equated to the various state assess-
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ments, and evidence that they might be “equatable” (i.e., parallel) was not
sought. In fact, it is highly unlikely that the states' individual assessments
are parallel to NAEP, due to differences in administration, item format, and
content frameworks. In other research, we have shown that it is feasible to
project state assessment results onto the NAEP scale without assuming that
the tests are parallel (McLaughlin 1998). Second, the correlations between
NAEP and state assessments differ substantially between states. Although
the median correlation in these states in 1994 was 0.70, the smallest three
correlationswere between 0.30 and 0.50 (Wu, Royal, and McLaughlin 1997).
Within-state variation of these synthetic NAEP school meanswill be smaller
than variation of actual NAEP school means, especially in states where as-
sessments are not highly correlated with NAEP.

School-level Correlates of Achievement

Student academic performance is shaped by multiple factors relating to
the school, teaching process, students’ social and family backgrounds, and com-
munity; also, aschool’ sreputation for academic performance can affect parents
decisions, students’ behavior, and teachers’ attitudes and decisions. We model
student achievement in American public schools as related to four types of
factors: (a) students' background, (b) four organizational features of the school,
(c) professional characteristics of the teachers, and (d) school behavior cli-
mate. While all these factors affect student academic success, they also interact
with each other; and organizational characteristics and teacher choices can be
affected by achievement at the school. We therefore conceptualize the interre-
lationships among the five categories in this model as a web of interactions.
Figure 1 graphically describes the general model.

The model shown in figure 1 refers to the school as a unit. Of course,
achievement is an individual student characteristic, and the majority of varia-
tion in achievement is among students in the same classroom and between
classroomsin the same school. Nevertheless, thereis substantial reliable varia-
tion in achievement between schools; and from a policy perspective, there may
be actions that can improve the overall achievement level in a school. While
analyses at the school level may not shed light on individual variationin learn-
ing, they can provide evidence on the correl ation between school reform policies
and achievement. Hierarchically structured data, with both individual student
data and schools and staffing data, such as collected in NAEP and NEL S:88,
facilitate understanding of the correlates of individual student achievement;
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Figure 1. School-level Correlates of Student Achievement:
General Model
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but these data are much more costly to collect on a school sample the size of
SASS than isthe construction of a synthetic achievement measure from exist-
ing NAEP and state assessment data. In any case, the existence of within-school
variability does not threaten the validity of analyses at the school level.

Using the SASS student achievement subfile, the model in figure 1 can
be further specified in a variety of ways, one of which is shown in figure 2.
The background category in the model is represented by three factors: (1)
percentages of students in poverty, (2) percentages with language barriers,
and (3) percentages in racial-ethnic minorities. The organizational category
isrepresented by four factors: (1) school size (total enrollment), (2) average
classsize, (3) teachers’ perceived influence, and (4) normative cohesion. The
aim of the analysesto be carried out isto test hypotheses about the relations
among these factors, either in terms of partial correlations or in terms of fits
of linear models, such as that represented graphically in figure 2. By testing
these models, inferences can be made about correl ates of achievement across
awide range of public schools, although the “arrows” cannot, in most cases,
be taken to indicate a direction of causality because of the alternative expla-
nations of many of the correlations.
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Figure 2. One Possible Path Model Relating Achievement and
School and Background Factors
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Each of the factors in the model, except school size, is represented by
multiple measures in SASS, as indicated in figure 3. In structural equation
terminology, figure 3 presents the measurement model corresponding to the
structural model infigure 2. The arrowsin figure 3 indicate assumptions about
the sources of variance in the observed measures. Each of the factorsin figure
2, except school size, is represented by at least two indicators, providing the
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Figure 3. Measurement Model for School-level
Correlates of Achievement
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capacity for estimating the contribution of measurement error to variance in
the indicators. Also indicated in figure 3 is a factor, teachers' attitudes and
opinions, representing acommon response pattern among five of the measures.
These measures may be more positively intercorrelated than other measures
because they all represent teachers' subjective opinions about their schools.

Thetwo indicators of school behavior climate are based on 20 items con-
cerning teachers' perceptions of problems in the school. The two parallel
measures were constructed by averaging balanced halves of these items. For
example, drug abuseisin one set, alcohol abuse in the other; student absentee-
ism in one and dropping out in the other; vandalism in one and robbery in the
other. Two topicsfor which there were multiple items, tardiness and attacks on
teachers, were included in both sets.

Determining the correlates separately for elementary, middle, and high
schools provides an opportunity to explore the patterns of changein the corre-
lations over the school years. Much like Herriot and Firestone's (1984)
arguments that the images of schools vary by level® and that each school level
operates differently,'® we anticipate that the relative importance of the various
factors to student academic achievement will vary by school level. For ex-
ample, we anticipate that the relationship between social background factors
and student performance will be found to be greater in elementary schools
than in secondary schools.

Student Background

Family background and socioeconomic status are consistently shown
to be related to student achievement (Coleman et al. 1966; Hanushek 1986).
While the major purpose of research on schoolsisto identify characteristics
of schoolsthat contribute to student achievement, it is essential to take back-
ground characteristics into account because they affect the intercorrelations
of school measures. For example, suppose that poor children were found to
be attending schools with chipping paint. We would expect to find a correla

9 Elementary schools are imagined to be more rational and bureaucratic, while high
schools are seen as more anarchic and envisioned to be aloosely coupled system.

10 In elementary schools, curriculum is more limited, while in high schools, curriculum is
broad. Also, the operations of elementary schools are more centralized and consensus-
driven, while those in high schools have high levels of complexity and differentiation.
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tion between chipping paint and test scores, but one should not infer from
that correlation that painting schools will improve test scores. It is the pat-
tern of correlates among schoolswith students with similar backgrounds that
is of interest. One need not address social issues about the sources of the
impact of background variations on achievement in school to realize the need
to control for these factors in modeling school processes.

It is particularly important to include background factorsin this study of
school-level factors, because the database does not contain longitudinal achieve-
ment data on individual students or student cohorts. School characteristics and
policies are more likely to be correlated with school-level variation in gainsin
achievement than with achievement differences measured at one point in a
student’s career. Including student background measures in the model serves
to control for much of the between-school variation in achievement potential
that students bring to school. Nevertheless, the lack of “pre” measures of
achievement underlines the need to interpret the results of analyses of SASS
data relevant to the model in figures 1 and 2 as causally indeterminate.

Differences in the family backgrounds of students in different schools
are reflected in three factors: (1) poverty, (2) English language proficiency,
and (3) racial-ethnic minority status. The level of poverty in a school is mea-
sured by two indicators available from the SASS database: (1) the percentage
of students who qualify for the national school lunch program and (2) teach-
ers identification of poverty as a problem. The level of English language
proficiency in the school is composed of two similar indicators: (1) the per-
centage of students identified as Limited English Proficient (LEP) and (2) the
percentage of students participating in the school’s English-as-a-Second-L an-
guage (ESL) program. Finally, the minority status of a school is measured by
(2) the percentage of white studentsin the school and (2) teachers’ identifica-
tion of racial tension as a problem.

A unique strength of the SASS database is that background factors can
be measured by an objective indicator, the percentage of students with the
corresponding characteristic, and by the perception of a sample of teachersin
the school that said factor is a source of problems in the school. For example,
the underlying factor of poverty is only imperfectly measured by the percent-
age of children who are eligible for the federal free lunch program, due to
differences in cost of living and in eligibility counting procedures between
school districts. Incorporating the perceptions of a sample of teachersin the
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school that poverty isaproblem in the school can eliminate some of the error
of measurement of poverty. Of course, there are different kinds of error in
teacher perceptions, ranging from different interpretations of survey items to
sampling error, but the combination of the two indicators can be expected to
have greater validity for the impact of poverty on learning in the school than
either separately. Because SASS has many related objective and subjective
measurements, one can control for measurement error associated with varia-
tioninteachers’ use of the response scale (e.g., some teachers mean something
more serious by “problem” than others do) by estimating the extent to which
each teacher tends to be a positive or negative responder to attitude and opin-
ion items.

Alternative indicators of a particular factor, such as subjective and
objective assessments of poverty, must be correlated, but they need not be
highly intercorrelated; however, alow intercorrelation islikely to limit the
power of the data to measure correlations with achievement. The
intercorrelations of the indicators included in each composite factor are
shown in appendix A following this paper. For example, for poverty, the
intercorrelations between the objective and subjective indicators are 0.55,
0.51, and 0.47 for elementary, middle, and secondary schools, respectively.**
These intercorrelations are themselves limited by the “reliability” of the
indicators that are based on averages of teachers’ responses. If different
teachers see the same school very differently, the average of their responses
cannot tell agreat deal about the school, per se. The percentage of variance
in school means that is attributable to between-school variation, whichisa
measure of this reliability, is also shown in appendix A. For the average
rating of whether poverty isamoderate or serious problem, thereliabilities
are0.73, 0.79, and 0.84 for teachersin elementary, middle, and high schools,
respectively.

School Organizational Features

Both objective features of a school’s organization such asits class sizes
and subjective features such asthe level of cooperation among its staff may be
correlated with achievement. However, unlike the social background factors,

1 The corresponding intercorrelations for the minority and language factors are approxi-
mately 0.45 and 0.75. The language factor, unlike the other background factors used
here, is defined by two objective indicators.
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these features are endogenous and, to a varying extent, under control of the
principals and teachers in the school. For example, a magnet school with a
reputation for attracting students with potential for careersin scienceislikely
to have higher test scores than other schools, purely as afunction of the back-
grounds of the students who enroll; and its magnet status may affect class
sizes, either enlarging them to respond to demand or lowering them as aresult
of special funding as amagnet school. Although the specific models presented
in this report focus on accounting for variation in achievement in terms of
variation in organizational characteristics, the direction of causality is not de-
termined in these data.

SASS has a wide range of information about schools obtained from the
principalsin the administrator and school questionnaire and from the teachers
in the teacher questionnaire. Four organizational features have been selected
for inclusion inthe model for thisreport: (1) school size, (2) average classsize,
(3) teachers' sense of their influence over school affairs, and (4) normative
cohesion of the school’s staff. A variety of other SASS organizational mea-
sures, such as organizational complexity asreflected in the number of different
kinds of positionsin the school, organizational goals as expressed by the prin-
cipal, perceptions of outside influence on decisions by state agencies and local
school boards, and staff diversity, might beincluded in amore elaborate model.

School size, as measured by total enrollment, has been shown to have a
significant effect on the school’s performance, yet the direction of the effect
has not been consistent. Because school size has different implications for in-
structional resources at the elementary and secondary level s, and because school
sizeishighly correlated with the sizes of classesin the school, the correlations
of school size and achievement measures vary with the type of schools studied
and the variables included in the study.

Class size, according to common sense, should have an effect on stu-
dents' academic performance. However, it has proven difficult to isolate and
demonstrate that effect. SASS has three indicators of a school’s average class
size: (1) average classsize asreported by the sampled teachers;*? (2) the school’s

2 For ateacher teaching a single self-contained classroom, class size is the total number of
students enrolled in the teacher’s class at the school. By contrast, for a teacher teaching
multiple departmentalized classrooms, class size is calcul ated as the average number of
students in the teacher’s classes.
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teacher/student ratio, calculated as the total number of students in school di-
vided by the sum of the full-timeteachersin the school and one-half the number
of part-time teachers in the school; and (3) the average of the sampled teach-
ers' ratings of satisfaction with the size of their classes.

As ameasure of the extent to which the classroomsin a school have too
many students for optimal learning, each of these has a different source of
measurement error, such as variation in staff counting methods, teacher sam-
pling variation, invisibility of classsizeremedies(e.g., teacher aides and parent
volunteers), and different criteriafor teachers' satisfaction. Although none of
these by itself is a perfect measure of a school’s class sizes, their combination
may provide amore valid measure of the impact of class size on student learn-
ing than any of them considered separately.®®

Teachers sense of influence, measured by the average of sampled teach-
ers responsesto SASS questions about their perceptionsthat they haveinfluence
over school policies* and over matters concerning their own class®, differen-
tiates schools with varying management styles and teacher roles. Although
this factor may not have a measurable direct effect on achievement, the sense
of efficacy represented by this factor may be related to the general climatein
the classroom, which in turn can affect learning.

Finally, normative cohesion of the staff refers to the cultural solidarity
among staff members in the school or the collective norms that govern staff
behavior in this organization and may also be correlated with the climate in
classroomsin the school. Normative cohesion can be measured by two SASS

3 Among elementary schools, the reliability estimate of teacher-reported class sizes as an
indicator of the school islow, 0.31, and the intercorrelations of that with the other class
sizeindicators are also low, 0.28 and 0.29. This may limit the potential elementary school
correlations of class size with achievement.

4 Included items refer to influence over school discipline policies, the content of inservice
programs, hiring new full-time teachers, deciding priorities in spending the school budget,
evaluating teachers, and establishing a curriculum. The reliability of the school mean is
about 0.62.

5 Included items refer to control in one's own classroom over selection of textbooks and
other instructional materials, selection of contents, topics, and skills to be taught, selection
of teaching techniques, evaluating and grading students, disciplining students, and
determining the amount of homework to be assigned. The reliability of the school mean
ranges from 0.36 at the elementary level to 0.50 at the secondary level.



School-level Correlates of Reading and Mathematics Achievement in Public Schools 205

composite measures: (1) a score for the clarity of norms'® and (2) a score for
staff cooperation.t’

Teachers’ Qualifications

Common sense leads to the expectation that more qualified teachers cre-
ate more effective learning environments in their classrooms, so part of the
variation in achievement between schools may be due to teachers qualifica-
tions. In SASS, avariety of teachers' characteristics are recorded for samples
of five teachers per school, on average. Because level of education and amount
of teaching experience are widely used to determine the pay scales of teachers,
these form alogical basis for measuring teacher qualifications. In particular,
the school level measures are (1) average years of teaching experience and (2)
the percentage of teachers who acquired at |east a master’s degree.

Although teachers qualifications are included in the analysis, the factor
is relatively weak, compared to the other factors.®®* A wide variety of other
SASS measures of teacher qualifications should be included in a study focus-
ing particularly on teaching quality and achievement, including out-of-field
teaching, selectivity of the colleges the teachers attended, amount of inservice
training, hours spent on school -related activities, and training to teach Limited
English Proficient (LEP) students.

6 Calculated as the average of teachers’ responses to SASS questions about sharing beliefs
and values with colleagues in school, receiving support from parents, goals and priorities
in school being clear, rules being consistently enforced by all teachers, principal backing
up staff members, principal letting staff know what is expected of them, and principal
having a clear vision of the type of school wanted and communicating this model to staff.
The mean correlation among these seven measures is 0.42, and the reliability of the
school mean is about 0.57.

17 Calculated as the average teacher’s responses to SASS questions about getting coopera-
tive effort among staff members, making a conscious effort to coordinate course content
with other teachers, planning with media specialist or librarian an integration of their
specialty into teaching, and viewing the behavior of school administration as being
supportive and encouraging. The mean correlation among these four measures is 0.20,
and the reliability of the school mean is about 0.48.

8 Thereis substantial within-school variation in years of teaching experience (reliabilities
of 0.29, 0.30, and 0.37 at the three grade levels); correlations with the percent of
responding teachers with a master’s degree range from 0.14 to 0.27.
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The relation between a school’s averages of teachers' qualifications and
achievement is complex. It may reflect choices by teachers of where to teach
and of school districts asto how to allocate resources, as well as the impact of
experience and training on effective learning environments. As with school
organi zationa factors, the direction of causality of the relations between teacher
gualifications and achievement cannot be inferred directly from correlations,
but these correlations provide valuable evidence of relations that must be ex-
plained in some manner.

School Climate

Student achievement is difficult when the climate in a school reflects
factors such as drugs, violence, vandalism, truancy, lack of respect for teach-
ers, and lack of enthusiasm for learning. These characteristics are difficult to
measure in a uniform manner across a large sample of schools, but SASS has
attempted such a measurement by asking teachers to indicate which of two
dozen different types of potential problems are serious, moderate, minor, or
nonexistent in their schools. To assess the extent of measurement error in these
perceptions, two composite measures can be constructed by arbitrarily divid-
ing the problem ratings into halves.*®

Although a positive relationship between school climate and achieve-
ment can be expected, the direction of causality in thisrelation is particularly
ambiguous. There is likely to be a positive feedback between students' focus
on achievement and teachers' perceptions of their behaviors and demeanors.
Nevertheless, evidence about the significance of this correlation, and of its
mediating role in other relations with achievement in schools, is valuable.

Analytical Method

The SASS student achievement database contains school-level statistics
on hundreds of measuresfor over 2,000 public schoolsin 20 states. The poten-
tial for analyses of thisdatabaseisenormous. In thisreport, we have constructed
a set of 18 composites of SASS items; and for a baseline demonstration of
analytical feasibility, the database has essentially been reduced to the
intercorrelation matrix of these 18 composites, along with two assessment

¥ Thereliabilities of the two climate composites range from 0.70 to 0.86 for the three
school levels, and their intercorrelation ranges from 0.50 to 0.72.
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scores, for schools at each of three grade levels, plus, for the purpose of stan-
dard error estimation, an indicator of the state in which each school resides.?
However, the raw correlations between the 18 composites and the two achieve-
ment measures do not provide meaningfully interpretableinformation, because
many of the apparent correlations are mere reflections of correlations among
other measures, and other “real” correlations are masked by confounding mea-
sures and can only be uncovered by controlling for those confounders. Thus,
the first meaningful stage of analysis is to examine partia correlations be-
tween achievement measures and SASS composite measures of school
organization and climate and teacher qualifications, controlling for social back-
ground factors.

Partial correlation analysis, as a method of testing for significant rela-
tions between school composites and achievement measures, hasthe advantage
that it is neutral with respect to causal ordering; but the picture of the corre-
lates of achievement provided by partial correlations is limited, in that
multivariate structure is not apparent. For example, the partial correlations of
both normative cohesion and school climate with achievement may be posi-
tive, but one cannot discern from them whether thisis due to acommon factor
in climate and cohesion or to independent factors. A form of multivariate re-
gression is needed to identify the more complex structure.

The simplest form of multivariate regression is ordinary least squares
(OLYS) linear regression. This methodology can reveal the multivariate struc-
ture when its assumptions are satisfied, but an important assumption in OLS
modeling that limits its value for educational research is that the “predictor”
measures are measured without error. With many databases, this assumptionis
untestable, because only a single measure of each construct is available. How-
ever, the SASS database with its multiple sources of information about
school -related constructs offersthe opportunity to take measurement error into
account when modeling the structural relations among factors. Structural equa-
tion modeling (SEM) jointly model sthe structural rel ations among latent factors
(asin figure 2), while simultaneously modeling measurement error (asin fig-

2 Although exploration of other functional forms may yield additional insights, estimation
purely in terms of linear modelsis an efficient initial step, because software packages are
readily available and most important relations among educational factors are monotonic
and therefore “visible” to linear analyses.
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ure 3). Computer programs such as LISREL, EQS, and SAS PROC CALIS
can be used to estimate the variance componentsin SEM (see Bollen and Bollen
1989). The primary analytical results presented in this report are SEM analy-
ses based on SAS PROC CALIS estimation.

SEM isparticularly helpful in specifying, estimating, and testing hypoth-
esi zed rel ationships among meaningful concepts, or factors,? by allowing such
concepts to be estimated from several indicators, or measures. In SEM, the
variance of alatent variable reflects the variation on the common factor among
indicatorsof that latent variable, as measured by their intercorrelations. In SASS,
the indicators themselves can be determined as composites of responses to
individual items. For this study the construction of indicators was based on
both judgment and factor analyses of items.

The structural model specifications for estimation of student achieve-
ment correlates corresponding to figure 2 are given by the following set of
equations. A complementary measurement model relates each of the latent
predictorsto multiple SASS measures with the exceptionsthat reading achieve-
ment, mathematics achievement, and school size are each based on a single
measure.

r]Reading :rll r]School climate + I_12 r]Tchr qualifications + r13 r]Teacher control + r14 r]School size
+ rlS r]CIassize-'- rlenNormcoh&sion+ r17ELangu@s+ rlSEPoverty + rlQERace + 6l

r]Mathematits :r21 r]School climate + I_22 r]Tchr qualifications + I_23 r]Teacher control + r24 r]School size
+ r25 r]CIassize-'- r26nNormcoh%ion+ r27ELanguage+ rzszPoveny + r29€Race + 62

r]School climate :r31 r]Tchr control +r32 r]School size + I_33 r]CIassize + I_34 r]Norm cohesion
+ r&’-’:ELanguage + r3GE'F’oveny + r37E'Race + 63

r]Tchr control :r41r]School sjze+ r42nNorm cohesion+ I_AG,ELanguage-'- rMEPoveny-'- I_ASERace+ 64
r]Tchr qualifications :r51 r]School size+ I_52 ELangu@e-'- I_53 E'Poverty + I_54 E'Ra(:e + 65
r]Norm cohesion :relr]School sjze+ I_62 E'Language + r63 EPoverly + r64 ERace + 66
Classsize = 71 " I'school size 72 MLanguage 73 Y Poverty 74 D Race 7
Nesse =T 2t Naootsze ™ T 72 Evmmue * M0 Eponey + T 21 Erwe* O

r]School size:r81ELangu@e + FSZEPOVth + r8SE'Race + 68

2 Technically referred to as latent variables, yet also known as unobserved or unmeasured
variables.



School-level Correlates of Reading and Mathematics Achievement in Public Schools 209

Because the data are correlational, it should be pointed out that the
analysisisalso consistent with viewsthat characteristicslike school climate,
cohesive norms, cooperation, and satisfaction are affected by the kinds of
skills and attitudes that children bring to the school, which are best reflected
in achievement scores. For example, if the student peer norm isto focus on
class work, there is likely to be less of a problem with absenteeism, tardi-
ness, and class cuts. Likewise, a negative correlation between average class
size and average achievement may indicate that smaller classes facilitate
achievement, but it may also be due to a socioeconomic variation between
school communities that affects both class size and achievement. Neverthe-
less, the methodology for the analyses is a variant of linear modeling with
asymmetric “independent” and “dependent” variables. Therefore, although
the correlational results may appear to be couched in terms of “effects” of
some factors on others, these “ effects’ merely indicate the partitioning of the
variancein the“ dependent” factorsinto covarianceswith “independent” fac-
tors. This use of the term “effect” should not be confused with its use in the
description of causal relations. Without carefully controlled experimental stud-
ies, the direction of causality cannot be inferred, only conjectured.

In addition to SEM analyses and in order to verify the robustness of the
findings, we also carried out ordinary least squares (OLS) linear regression
analyses.??For these analyses, we created composites for poverty, English lan-
guage proficiency, racial -ethnic minority, teacher qualifications, school climate,
school size, classsize, teacher control, and normative cohesion, using the same
measures as in the SEM analyses. Separate regressions were performed for
elementary, middle, and secondary schools.

2 The mgjor difference between the two methodologiesisin how they treat measurement
error in predictive measures. The basic assumption of OLS linear regression is that
predictors are measured “without error.” That is, each estimated coefficient represents the
extent to which ameasure per se, not an underlying construct that it measures, accounts
for variation in the dependent variable. SEM analysis, on the other hand, accounts for
measurement error and allows for the specification of correlations among both the
constructs and the measurement errors. On the other hand, SEM’s greater flexibility must
be weighed not only against the additional computational complexity, but also against the
additional complexity of interpretation. Relations among latent variables do not have the
same simplicity as relations among observable variables. Therefore, our approach isto
examine and compare the results of both methodologies to identify robust patternsin the
correlates of school-level achievement.
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Finally, because this report was not focusing on differences in achieve-
ment correl ates between states, the powerful analytical technique of hierarchical
linear modeling (HLM) was not used. Hierarchical modeling would be a pow-
erful tool inthe use of these datato study the effects of state educational policies
on school factors and achievement.

The value of the SASS student achievement subfile depends on whether
meaningful patterns of statistically significant results emerge from analyses of
relations between SASS measures and achievement. Thus, assessment of sta-
tistical significance is central to the study. Unfortunately, the usual tests of
statistical significance available in common statistical packages are based on
the assumptions of simple random sampling, and the SASS student achieve-
ment subfile isfar from a simple random sample. Because of the similarity of
the unweighted school sample to the universe of American public schools,
unweighted analyses are appropriate.? However, the variance components
within and between states cannot be expected to be uniform. Therefore, to
provide valid estimates of the standard errors of statistical estimates, for the
purpose of statistical significance testing, another method is needed. For this
study, standard errorsfor all statistics were estimated by repeating each analy-
sis on 100 random half-samples of schools. The standard deviation of the
statistics computed for the various half-samples provided valid estimates of
the corresponding standard errors. Because there is systematic variance in
achievement measures between states (i.e., thereis significant variation among
NAEP mean state scores), it was necessary to select the random half-samples
by state. That is, each half-sample consists of all the schoolsin the database for
arandomly selected half of the 20 states. Although this method of standard
error estimation is not as computationally efficient as balanced repeated repli-
cations, it provides valid standard error estimates.

Results

The major question addressed by these analyses of the SASS student
achievement subfileis: Are organizational factors, teachers' qualifications, and

2 To support reporting state-by-state statistics, SASS purposely (proportionately)
oversamples schools in less popul ous states. As aresult, differential weights are needed to
estimate descriptive statistics for groups of states. Because the purpose of this study is
not to produce descriptive statistics and because differential weighting substantially
reduces the precision of estimates, differential weights are not used in this study.
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school behavioral climate correlates of school mean assessment scores? The
value of the SASS student achievement subfileistested by the answersit gives
to this question. Although the analyses reported here merely scratch the sur-
face of the potential for analyses of these data, they should provide evidence of
ameaningful pattern of relations between school-level factors and assessment
scores.

The starting point for this research is the assumption that there is mean-
ingful variation in assessment scores between schools. The choice of educational
policies depends on the extent to which that variation is attributable to factors
that are under alocal school system’s control, as compared to factors associ-
ated with the communities in which the schools are located. Estimation of the
relative correlations of background and school -based factors with achievement
is not straightforward, because background factors at least partially determine
the levels of school-level factors. If, for example, teacher qualifications are
correlated with student achievement, this may be due both to the fact that more
qualified teachers teach more effectively and to the fact that higher achieving
schoolscan attract more qualified teachers. Neverthel ess, any analyses of school-
based factors must control for background differences.

Three categories of school-based factors are included in these analyses:
(2) school behavior climate, based on teachers' perceptions of problemsin the
school, (2) teachers' qualifications (that is, their years of teaching experience
and attainment of a master’s degree), and (3) four organizational characteris-
tics—school and class sizes, normative cohesion, and teachers’ sense of control
and influence. As afirst step in exploring the relations between these factors
and achievement scores, partial correlations of the school-based SASS fac-
tors**with reading and math assessment scores and with each other are shown
in table 1. These partial correlations represent the bivariate relations among
the factors, partialing out the three background factors of poverty, language
barriers, and race-ethnicity.

Partial correlations reveal the contributions of the school-based factors
considered singly to achievement variance. However, they do not capture mul-
tivariate rel ations among the school -based factors. For example, arethe negative
partial correlations of school and class size with reading assessment scoresin

2 Each factor is defined as the average of the measures indicating the factor shown in figure
3, with measures scaled to equal standard deviations.
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Table 1. Partial Correlations of Mean Reading and Mathematics Scores
with School-Level Factors in Public Elementary, Middle, and Secondary
Schools, Controlling for Background Factors

Factor 1 Factor 2 Elementary Middle Secondary
(n = 1123) (n = 496) (n = 595)
Reading Math Reading Math Reading Math
Student

Achievement

in Reading &

Mathematics
School Size -0.10 -0.09 -0.18* -0.17 +0.11 -0.06
Class Size -0.10 -0.02 -0.26* -0.10 -0.12* -0.11**
Normative Cohesion -0.01 +0.01 +0.04 -0.06 -0.05 -0.09
Teachers’ Influence +0.03 +0.05 +0.09 +0.20* +0.07 +0.23*
Teachers’ Influence -0.02 -0.04 -0.05 -0.10 -0.08 -0.16*
Teachers’
Qualifications +0.04 +0.01 +0.12* +0.05 +0.08* +0.11*

School Climate
School Size -0.14* -0.26* -0.36*
Class Size -0.15 -0.24* -0.26*
Normative
Cohesion +0.34* +0.41* +0.44*
Teachers’ Influence +0.18* +0.20* +0.26*
Teachers’
Qualifications +0.00 +0.06 -0.08
Teachers’ Self-
Perceptions of Influence
School Size -0.13* -0.14* -0.22*
Class Size -0.09 -0.03 -0.14*
Normative
Cohesion +0.35* +0.27* +0.25*
Teachers’
Qualifications -0.10* —-0.06* -0.06
Normative Cohesion

School Size +0.02 -0.01 —0.09*
Class Size -0.07 -0.03 -0.07
Teachers’

Qualifications -0.01 -0.04 -0.03
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Table 1. Partial Correlations of Mean Reading and Mathematics Scores with School
level Factors in Public Elementary, Middle, and Secondary Schools, Controlling for
Background Factors (continued)

Factor 1 Factor 2 Elementary Middle Secondary
(n =1123) (n = 496) (n = 595)
Teachers’
Quialifications
School Size +0.11 +0.10 +0.24
Class Size +0.06 —-0.04 +0.11
Class Size
School Size +0.33* +0.48* +0.54*

NOTES: Table entries are partial correlations, partialing out poverty, language, and
race-ethnicity factors.

(*) p<.05 based on repeated half-sample standard deviations.

middle schoolsindependent effects, or isone of the correlations abyproduct of
the high intercorrelation between school and class size? Multiple regression
and structural egquation modeling (SEM) provide a more interpretable picture
of the interrelations among the factors.

Ordinary least squares (OLS) multiple regression is a second step in the
analysis of school-based correlates of achievement. Separate equations can be
modeled for reading and mathematics assessment scores and also for school
climate, normative cohesion, teachers’ influence, classsize, and teachers’ quali-
fications. Unlike partial correlations, multiple regression differentiates between
“predictor” and “dependent” variables, although the interpretation of equa-
tions remains merely that a combination of predictors is correlated with the
dependent variable. Estimates of standardized regression coefficients for the
equations indicated in figure 2 are shown in table 2.2

An important limitation of OLS regression isthat while variancein each
(intermediate) endogenous factor is partially accounted for by other factors,
each factor is assumed to be measured without error in predicting other fac-
tors. For survey measures, that assumption is not supportable; and apreferable
method of analysisis structural equation modeling (SEM), which takes mea-
surement error into account in estimating the proportions of variancein factors

% The same factor definitions are used in tables 1 and 2. Estimates of coefficients for
background factors are not shown in table 3 because the coefficients are not germane to
the exploration of school-based correlates of achievement
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Table 2. OLS Standardized Regression Weights for School-level Factors
Associated with Mean Reading and Mathematics Scores in Public
Elementary, Middle, and Secondary Schools

Factor 1 Factor 2 Elementary Middle Secondary
(n =1123) (n = 496) (n = 595)

Reading Math Reading Math Reading Math

Achievement

in Reading &
Student
Mathematics
School Size -—0.0 -0.07 -0.04 -0.08 +0.29* +0.11
Class Size -0.05 +0.01 -0.16* -0.04 -0.20* —-0.08*
Normative
Cohesion -0.02 +0.00 -0.00 -0.10 -0.11* -0.18*
Teachers’
Qualifications —-0.00 -0.02 -0.04 -0.06 -0.09 -0.12
Teachers’
Influence +0.01 +0.03 +0.04 +0.17* +0.08 +0.21*
School
Climate +0.02 -0.01 +0.05 +0.02 +0.16* +0.15*
r? 0.49 0.36 0.54 0.50 0.48 0.48
School Climate
School Size -0.09* -0.15* -0.23*
Class Size -0.06 -0.11 -0.06
Normative
Cohesion +0.25* +0.29* +0.31*
Teachers’
Influence +0.04 +0.05 +0.08
r? 0.51 0.58 0.57
Teachers’ Self-
Perceptions of
Influence
School Size -0.15* -0.15* -0.21*
Normative
Cohesion +0.36* +0.26* +0.22*
r? 0.18 0.15 0.20
Normative
Cohesion
School Size +0.02 -0.01 -0.10

r2 0.07 0.02 0.03
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Table 2. OLS Standardized Regression Weights for School-level Factors Associated with
Mean Reading and Mathematics Scores in Public Elementary, Middle, and Secondary
Schools (continued)

Factor 1 Factor 2 Elementary Middle Secondary
(n =1123) (n = 496) (n = 595)
Teachers’
Quialifications
School Size +0.12 +0.11 +0.27
2 0.03 0.03 0.09
Class Size
School Size +0.35* +0.51* +0.55*
2 0.14 0.14 0.38

NOTES: (*) p<.05 based on repeated half-sample standard deviations.

r2 values include effects of three background factors in addition to factors shown.

accounted for by other factors. Estimates of coefficients for the SEM corre-
sponding to the relations in figure 2 and the specified structural equations are
shown in table 3.2

If all of the school-based predictors in the OLS regression equations
were uncorrelated with each other after background factors were taken into
account, then the standardized regression weights displayed in table 2 would,
to afirst approximation, be the same as the partial correlations displayed in
table 1. Furthermore, if all of the indicators of each factor in the SEM analy-
sis were perfectly intercorrelated, then the results in table 3 should be
approximately the same as those in table 2. (The approximation would not
be exact because the SEM equations are estimated jointly, while the OLS
equations are estimated separately.) Thus, substantial differences in corre-
sponding coefficients between these tables demonstrate the impact of
measurement error and multivariate interactions.

Although SEM isthe preferred method of analysis for such analyses be-
cause it takes into account the measurement error in predictors, estimation of
SEM coefficients requires a large number of degrees of freedom, and the

% The corresponding structural equation coefficients for the background factors are not
shown in table 3 because they are not germane to the exploration of school-based
correlates of achievement. As expected, SEM analyses confirm that all measurement
variables are indeed significantly related with the corresponding factors, as indicated in
figure 3. See appendix A for results of SEM on the measurement level.
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Table 3. SEM Associations of Mean Reading and Mathematics Scores
with School-level Factors in Public Elementary, Middle, and Secondary
Schools

Factor 1 Factor 2 Elementary Middle Secondary
(n =1123) (n = 496) (n = 595)

Reading Math Reading Math Reading Math
Achievement

in Reading &
Student
Mathematics
School Size +0.10 +0.02 +0.07 -0.13 +0.50* +0.18
Class Size -0.34* -0.18 -0.37* -0.11 -0.53* -0.30
Normative
Cohesion -0.03 -0.00 +0.02 -0.14 +0.05 -0.06
Teachers’
Qualifications -0.02 -0.05 -0.14 -0.17
Teachers’
Influence +0.03 +0.08 +0.00 +0.18* -0.09 +0.16
School Climate -0.30* -0.30* -0.06 -0.04 -0.09 -0.14
r? 091 0.66 0.92 0.89 0.89 0.89
School Climate
School Size -0.09 -0.08 -0.33*
Class Size -0.12 -0.23 -0.001
Normative
Cohesion +0.24* +0.37* +0.34*
Teachers’
Influence +0.00 +0.11 +0.00
r? 0.66 0.698 0.71
Teachers’ Self-
Perceptions of Influence
School Size -0.11 -0.043 -0.21
Normative
Cohesion +0.39* +0.35*% +0.30
2 0.21 0.28 0.47
Normative Cohesion
School Size -0.02 -0.13 -0.19

r2 0.10 0.04 0.09
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Table 3. SEM Associations of Mean Reading and Mathematics Scores with School-level
Factors in Public Elementary, Middle, and Secondary Schools (continued)

Factor 1 Factor 2 Elementary Middle Secondary
(n =1123) (n = 496) (n = 595)

Teachers’

Qualifications

School Size +0.16 +0.04
2 0.09 0.11
School Size Class Size +0.54* +0.75* +0.70*
2 0.37 0.50 0.57
Statistical Summary Measures
GFI (AGFI) 0.95 (0.92) 0.92 (0.86) 0.94 (0.88)
P2 (d.f.) 547 (122) 473 (122) 400 (93)

NOTES: Entries in table are standardized gamma coefficients.

(*) p<.05 based on repeated half-sample standard deviations.

r? values include effects of three background factors in addition to factors shown.

resulting estimates can be sensitive to intercorrel ations between the indica-
tors of the various factors. Thus, to assess the robustness of the SEM results,
it is useful to compare the results from the three approaches. Where they are
in conflict, further study of thefit of the datato the assumptions of the method
is warranted.

SEM results must be interpreted carefully, however, because the appar-
entimplied causal directionintheregressionsisnot necessarily valid. Simple
interpretation of the results in table 3 requires that one assume that the ar-
rowsin the causal model showninfigure 2imply causality.2’Any significantly
positive or negative coefficient might also reflect a causal relation in the
opposite direction.?®

27 The selection of factors for exclusion from particular structural equations was based on
trial estimation runs in which the goodness of fit index was improved by their deletion.

% Table 3 does not include the coefficients for the measurement equations portrayed in
figure 3. These coefficients are presented in appendix A in this paper.

2 Parameter estimates for a variant of the model in figure 2, in which the positions of
school climate and achievement are reversed, are given in appendix B in this paper.
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A note is necessary concerning the apparently very high percentages of
variance accounted for in the reading assessment scores by the SEM analysis
(89 to 91 percent). This figure does not indicate the percentage of variance
accounted for in the observed assessment scores. Because only a single mea-
sure of reading assessment was available for each school, the selection of a
percentage for measurement error was somewhat arbitrary. However, estima-
tion of the SEM equationsdid not yield afeasible sol ution unless measurement
error was included and allowed to be correl ated between the mathematics and
reading scores. Only by setting the measurement error variance to a harrow
range of values could afeasible solution be obtained using SASPROC CALIS.
For example, for elementary schools, the measurement error variancesfor both
math and reading scores were set to 0.23. Thus, the school-level factors were
accounting for 89 to 91 percent of afactor that itself constitutes 77 percent of
the observed school mean reading score variance.* Finally, at the high school
level, it was necessary to omit the teacher qualifications equation to obtain a
convergent SEM solution.

Simultaneously, interpretation of the results presented in tables 1, 2, and
3 provides information about the school-based correlates of achievement and
about the extent to which measurement error and correlated predictors can
distort analytical results. Through these analyses, we address the following
guestion: “Are school climate, class size, school size, teachers' perceptions of
normative cohesion and sense of control, and teachers' experience and educa
tion level statistically significantly related to reading and mathematics
achievement, based on the SASS student achievement subfile?’3!

School Climate

The partial correlations in table 1 indicate that a positive school behav-
ioral climateisacorrelate of higher average achievement, but only at themiddle
(for reading) and secondary levels. The OL S regression resultsin table 2 con-
firmthisfinding, but at none of thelevelsdo the SEM resultsin table 3 indicate
apositive relation.

% A separate series of analyses not reported here explicitly defined achievement asasingle
factor contributing to two observed measures, reading and math school means.

81 For the purposes of inferring statistical significance, standard errors of the tabulated
estimates were estimated by replicating the analyses on 100 random half-samples of
states in the database.
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So is school climate a correlate of achievement in middle and secondary
schools? Should educators expect that improving school climate might con-
tribute to improved test scores? Examination of the correlates of school climate
intables 1, 2, and 3 sheds some light on thisissue. The results from all three
sets of analyses suggest that school behavior climates are better in schools
with high normative cohesion (i.e., where teachersfeel that they have common
goalsand cooperate) and in smaller schools, especially among studentsin higher
gradelevels. Although cohesion and climate are correl ated with each other, the
partial correlation of achievement with cohesion is smaller than its correlation
with climate, so in the secondary school OL Sregressions, cohesion becomes a
moderator, with a negative coefficient, magnifying the positive coefficient for
climate. Two factorsin the SEM model eliminate the effect, suggesting that it
isan artifact of OLS regression. First, the contribution of normative cohesion
to schoal climate is explicitly taken into account; and, second, the “method”
factor representing teachers' positive or negative response tendencies is in-
cluded.

The message from these analyses, based on the assumptions embodied
in figure 2, is that steps to increase normative cohesion among staff may go
hand-in-hand with improving school climate, but that these factors are not
strong correlates of assessment scores when measurement error is taken
into account.

Class Size

As predicted by most current research, reduced class size is related to
higher academic performance, but the significant relations are primarily lim-
ited to reading in this study; the relations with math scores are much weaker.
For reading, the partial correlations with class sizein table 1 are significant at
the middle and secondary school levels; the regression coefficientsin table 2 at
the middle and secondary level are significant; and the SEM coefficients in
table 3 are significant at all three grade levels.

It seems clear from these data that the class size factor is a correlate of
reading achievement among middle and secondary schools. At the elementary
level, on the other hand, the partial correlation coefficients and OL Sresults do
not corroborate the SEM results. This appears to be an instance where the
flexibility of the SEM method enablesit to uncover arelation that is hidden by
the imperfect relations between observed indicators and underlying factors.
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Even in the SEM results, however, class sizeisastronger correlate of reading
achievement in higher grades. Student/teacher ratios, reported class sizes, and
teachers' satisfaction with class sizes all tend to be more favorable in high
schoolswith higher reading (or verbal or language) scoresthan in high schools
with lower average scores.

School Size

The class size and school size factors are positively correlated with each
other at all three gradelevels, asshown intables 1, 2, and 3; but the patterns of
their correlations with achievement are different. At the secondary level, read-
ing scores are higher in schools with larger enrollments, but at the elementary
level there is no significant correlation.® The negative partial correlation for
middle schools, shown in table 1, is shown to be artifactual in tables 2 and 3:
higher reading scores arefound in smaller middle school s because those school s
have smaller classsizes. Acrossall threegradelevels, thereisatendency (shown
in table 3) for school size to be more positively (or less negatively) associated
with reading scores than with mathematics scores.

The relation between school size and climateisclearer: at al threelev-
els, the partial correlations and OL S regression resultsindicate better climates
in smaller schools; the SEM resultsare in the samedirection, although they are
only statistically significant at the secondary level. Whether smaller schools
happen to be in neighborhoods and communities where teachers perceive bet-
ter school climates or whether smaller schoolsfoster better climatesisanissue
for further study.

Teachers’ Perceptions of Normative Cohesion and Sense of
Control and Influence

Normative cohesion and the sense of having influence on school policies
and control over classroom decisions are positively related to each other at all
three grade levels. While the expectation is that the cultural cohesion estab-
lishes a stable foundation for performance, the resultsin tables 1, 2, and 3 do
not indicate that either of these factors is a significantly positive correlate of
achievement. In fact, there is a negative relation between normative cohesion

% The school size measure is the logarithm of total enrollment.
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and achievement in OL S regression at the secondary level, but thisis an arti-
fact of the close relation between the normative cohesion and school climate
composites. When measurement error in these constructsistaken into account,
by SEM analyses, the negative relation disappears, as does the positive rela-
tion of school climate to achievement.

Middle and secondary schoolsin which teachers perceive that they have
more than average control over classroom practices and influence on school
policies tend to be schools in which mathematics scores are higher. Further
study is needed to determine whether this phenomenon represents a specific
effect on mathematics teachers or ageneral “reform” factor (i.e., some school
administrators, more than others, recognize both the critical need for math
skills and the importance of empowering teachers). The relations among nor-
mative cohesion, sense of control, and school climate are consistent with
Ingersoll’s (1996) conclusion that teachers’ autonomy and influence “ make an
important difference for the amount of cooperation or conflict in schools” (p.
171). Relying on SASS 1987-88 data with very similar measures, he adds that
this relationship varies by the locus of teachers’ control: when locus is funda-
mentally social (i.e., “selection, maintenance, and transmission of behaviors
and norms’; p. 171), rather than concerned with curriculum and instruction
(i.e., “selection of textbooks, topics, materials, and teaching techniques’; p.
171), then the associ ation between teachers' |ack of power and conflict in school
is strongest.

Overdll, there is evidence in the SASS student achievement subfile that
organizational characteristics of schoolsare correlates of student achievement.
SASS offers an abundance of opportunity to assess organizational characteris-
ticsin American school s (see Baker 1996). Hence, whilethisreport focuses on
four organizational characteristics, future analyses of these datamight concen-
trate on such organizational features as organizational inertia(as, for example,
in regard to personnel tenure); organizational change (as, for example, in re-
gard to reform issues); or autonomy (as both an intra-organizational
feature—room for initiatives—and an inter-organizational feature—dominance
of the school district over major decisionmaking issues).

Teacher Qualifications

Thefinal potential correlate of achievement at the school level examined
in this study is the average of teachers’ qualifications, as represented by years
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of teaching experience and attainment of amaster’s degree. The SASS student
achievement subfile did not strongly support the investigation of this factor at
the school level, due both to the high level of within-school variance among
the responding teachers (i.e., low reliabilities) and to the low intercorrelation
between the two indicators (see appendix A in this paper). At the secondary
level, the SEM estimation procedure would not even easily converge when
these indicators were included. Therefore, the findings of insignificant rela-
tions between thisteacher qualification composite and reading and mathematics
achievement are not unexpected.

Unlike the factors based on teachers' perceptions (school climate, nor-
mative cohesion, and sense of control), which can have a communality based
on common perceptions of the school as a workplace environment, teachers
experience and education are naturally highly variable within aschool, as new
teachers are continually added to replace highly experienced teachers who re-
tire. Investigation of these indicators as correlates of achievement appears to
require achievement data at the individual classroom level.

It may bethat other teacher qualification factors availablein SASS, such
as matches of college major to teaching assignments and selectivity of the
teachers' undergraduate colleges, have sufficient communality within schools
to support school-level analyses. Otherwise, study designs such as NEL S:88
and NAEP (when specific teacher questionnaires were matched to specific stu-
dents performance) are more appropriate for assessing the correl ation between
teacher qualifications and achievement.

Conclusions

The objective of this report has been to demonstrate and evaluate the
strategy of combining alarge-scale national survey of schools (SASS), which
|acks measures of student achievement, with school-level assessment datafrom
alarge number of individual states. If application of this strategy yields new
insights about schools or identifies questions that lead to new avenues of re-
search, then its value is demonstrated. If the substantive findings are empty,
the strategy is less attractive.

To demonstrate the strategy, aset of 18 composites of SASSdata, includ-
ing student background information, organizational information, teachers
gualifications, and school climate perceptions, were constructed and merged
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with school reading and mathematics mean scores. The resulting data were
analyzed using correlational, multiple regression, and structural equation model
analyses. These analyses only begin to tap the richness of the SASS database:
selection of other subsets of the SASS data or other analytical methods could
add to the evaluation of the strategy.

Substantive Findings

The clearest result with respect to correlates of achievement isthat read-
ing scores are higher in schools with smaller class sizes. This result, obtained
from structural equation modeling using both state assessment dataand NAEP
adjustments for between-state variance in achievement, is consistent across
grade levels (see table 3). While there are alternative causal explanations for
thisfinding, such afinding in alarge sample of public schoolsin 20 statesisan
important corroboration of the controlled research results that indicate that
class size makes a difference.

The positive relation between small classes and reading scores was stron-
ger for secondary schools than for elementary schools. In secondary schools,
the positive association with reading included both large schools and small
classes. The relation between class size and achievement was specific to read-
ing scores; it was much weaker for mathematics.

Substantive findings were not limited to class size. Teachers' perceptions
that they had control of classroom practices and influence on school policies
tended to be greater in middle schools, and possibly in high schools, in which
mathematics scores were higher. The analyses carried out do not provide a
causal explanation for this relation, but its statistical significance suggests a
potentially fruitful areafor both additional studies of SASS measures and con-
trolled research.

Because the data are not longitudinal, causal inferences must be treated
much moretentatively than conclusions based on data on the achievement gains
of aspecified set of studentsover time. Also, because the data are school means,
they cannot address the factors that differentialy affect the achievement of
different students in the same school. Nevertheless, findings from analyses of
the SASS student achievement subfile, based on over 2,000 schoolsin 20 states,
can contribute to the overall educational policy database.
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Methodological Findings

The primary conclusion reached in this study isthat because the data are
readily available, the strategy of matching school-level assessment scoresto a
national survey isfeasible, and not costly, and leads to valid and reliable con-
clusions about correlates of public school achievement across much of the
United States. The additional step of linking the database to State NAEP to
capture between-state achievement variation provides additional informational
value and is also feasible and not costly. In a separate report (McLaughlin and
Drori 1999), a comparison between analyses that include the State NAEP ad-
justment and simple pooled within-state aggregations indicated that some
correlates were stronger (e.g., between class size and achievement) when the
State NAEP adjustment was used.

A positive methodol ogi cal finding wasthe generalizability of the between-
state achievement measures across grade levels. Although state assessment
scores were available for grades from 3 to 11, NAEP reading scores for indi-
vidual stateswereonly availablefor grade4. If the ordering of statesinreading
achievement changed substantially from grade 4 to grades 8 and 11, then the
results of overall analyses of middle school and high school data would be
diluted by linkage error.

The extension of the NAEP adjustment proved valid, in that the findings
for secondary schools are as meaningful asthe findingsfor elementary schools.
Thisconclusionisnot surprising, given the very high correlation of State NAEP
means in different grades and subjects, but its support in this study may sug-
gest new uses of State NAEP datain conjunction with state assessment data.

A limitation on the validity of aggregating teacher data for school level
analyses became apparent in the findings concerning teacher qualifications
(average years of teaching experience and percent having a master’s degree).
These measures, unlike the teachers’ responses to questions about school poli-
cies and school behavioral climate, had very low reliability as measures of the
school, because there was relatively little systematic between-school varia-
tion: most of the variation was between teachers at the same school. This
problem was manifest in the low intercorrel ation between these measures; asa
result, the analytical findings concerning the relations of thisteacher qualifica-
tionsfactor were uninterpretable. In fact, the SEM software had difficulty even
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converging to a solution when this teachers’ qualification factor was included
in structural equations.

Finally, the procedure of examining ordinary least squares regressions
and partial correlation coefficientsto understand the results of structural equa-
tion model analyses proved valuable, in that it suggested explanations for
unusual findings, such as the negative coefficient for normative cohesion in
predicting middle school achievement. Although the data are purely correla
tional, therearelogical constraints, such asthat school factors probably do not
cause differencesin student background characteristicsin the short term (“white
flight” notwithstanding). Interpretation of the results of structural equation
modeling in terms of hypothetical path models, such as those shown in fig-
ure 2, can lead to fruitful suggestions for avenues of research and policy
development.

Future Research

Two broad areas of research stemming from this study appear to be fruit-
ful: development of ameasure of aschool’s achievement gains over timewhich
can be associated with SASS measures and further refinement of the linkage
functions between state assessments and NAEP.

Every school addresses the needs of a different student population with
different resources, and it istherefore unfair to hold all schools accountable to
the same achievement standard. However, a number of states are turning to
reform criteria that base decision-making on measures of gains in achieve-
ment over years. Although SASS cannot easily add longitudinal student growth
data, it is certainly feasible to add other years' school-level achievement data
to the subfile. Specifically, the addition of 1997—98 reading scores, linked to
the 1998 grades four and eight State NAEP reading assessment and CCD data
on changing enrollment patterns and resources over theintervening years, would
provide the basis for identifying SASS factors (measured in 1994) that are
predictive of gains in achievement. For example, one wonders whether staff
turnover rates would portend gains, other things equal. Of course, states con-
tinue to develop and refine assessment systems, and the state assessment test
scores for a school in 1998 may not be equivalent to scores obtained in 1994,
so linkage of measures of achievement gains over time to repetitions of State
NAEP is an essential requirement for the development of alongitudinal data-
base.



226 Donald McLaughlin and Gili Drori

The power of the database for longitudinal analyses can be greatly en-
hanced with the addition of the next cohort of SASS. If a subsample of schools
included in SASSin 1994 are also included in 1999-2000, then using the 2000
State NAEP assessment for adjustment of mathematics scores would enable
the matching of longitudinal changesin SASS school-based factors with lon-
gitudinal changesin achievement, controlling for longitudinal changesin student
background factors.

A second line of research would focus on improving the achievement
measuresincluded in the SASS student achievement subfile. The linkages used
for the analyses presented in this report were based entirely on the means,
standard deviations, and correlations between State NAEP and state assess-
ment school means. The errorsin these linkages can be diminished significantly
by more detailed analysis of the relations among the scores. In particular, cur-
rent research for the National Center for Education Statistics has found that
linkages to NAEP can be improved by considering nonlinear terms and by
including demographic indicators. For example, all state reading assessments
are sensitive to racial-ethnic differences, but some are more sensitive than oth-
ers. Their sensitivities could be matched to NAEP's measurement of the
distribution of racial-ethnic achievement differences by explicitly including
that matching factor in the NAEP adjustment step in constructing the SASS
school-level achievement score. The result would be increased comparability
of within-state variation in the achievement measure across states.
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Appendix A
Results of SEM: Measurement Level

A measurement model isrequired to link the latent variablesin the struc-
tural equation model to SASS measures. Four tables provide the information
necessary for understanding the latent variables.

Table A displays the indicators of each latent trait and the SASS vari-
ablesused inits computation. For example, poverty ismeasured by the ratio of
the reported number of free-lunch eligible students (S1655 and S1660) to the
total enrollment (S0255), and by the average of teachers’ responsesto theitem
asking whether poverty isaslight, moderate, or serious problem at the school
(T1165).

Table B gives areliability estimate for the teacher-based indicators, that
is, ameasure of the tendency of teachers at the same school to give the same
responses. The estimate is one minus the ratio of (a) the sum of within-school
variances, divided by the total number of teachers responding, to (b) the vari-
ance of school means. Values substantially less than 0.5 (such as average class
size, classroom control perceptions, and years of experience) indicate that more
of the variance in the indicator is within schools than between schools, and
aternative indicators should be given greater weight in the model.

Table C gives intercorrelations between the indicators. For example, the
lowest intercorrelations (0.28 and 0.29) are for the average class size with the
other two indicators of the class size factor and between average years of teach-
ers experience and percent of teachers with a master’s degree, all at the
elementary school level. These intercorrelations need not be substantial for
SEM analyses, because the estimation procedure should identify the weight-
ing of the indicators that most effectively accounts for variance in other
measures. Nevertheless, values substantially less than 0.50 indicate that most
of the variance in the indicators is not in common across the latent trait.

Table D containsthe SEM measurement parameter estimates which were
obtained simultaneously with the structural equation parameter estimates. For
example, the latent poverty variable is set to be in the same units as the free-
lunch eligible fraction by presetting its coefficient to 1.0; at the elementary
school level, 0.65% or 42 percent of the variance in the free-lunch-eligible frac-
tion is attributed to the latent poverty trait.
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Table B. Reliability Coefficients for Teacher-based Components of
School-level Factors, by School Level (Estimated fraction of sample
mean variance that is between schools)

All
Elementary Middle Secondary Schools
Class Size Average .31 .37 A4 42
Satisfied? .45 A7 .54 .51
Climate Climate 1 .70 74 77 .82
Climate 2 .78 .78 .86 .85
Normative Cooperation 51 46 A7 .50
Cohesion Clear Norms .54 .55 .61 .60
Teacher Classroom
Control Control .36 .38 .50 41
Influence on
School
Policies .61 .62 .62 .63
Teacher Years
Qualifications Experience .26 .14 .27 .24
Masters 41 .39 44 41
Poverty Problem? .82 .79 .82 .80

Minority Conflicts Problem? .73 .79 .84 .80
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Table C. Intercorrelations of Components of School-level
Factors, by Level

All
Elementary Middle Secondary Schools

Class Size Factor
Average Class Student/
Size Teacher Ratio .28 .50 57 45
Average Class Class Size
Size Satisfaction .29 45 .49 .40
Student/ Class Size
Teacher Ratio Satisfaction 43 42 .55 .48
Climate Factor
Climate 1 Climate 2 .61 72 .50 72
Normative Cohesiveness
Cooperation Clear Norms .66 .67 .66 .69
Teacher Control and Influence
Classroom School Policy
Control Influence .50 .49 .49 .48
Teacher Qualifications
Years Experience Masters .29 .30 .37 .32
Poverty
Pct. Free-Lunch Poverty a
Eligible Problem .55 .51 A7 .49
Racial/Ethnic Minorities
Pct. Minority Race Conflicts

a Problem .49 .45 43 .45

Language Minorities

Pct. Limited Pctin ESL
English Classes .80 .75 .70 77
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Appendix B
Factors Associated with School Climate and
Achievement in Public Schools, Reversing the
Causal Order between These Two Factors:
Results from SEM Analyses

A separate SEM analysis was carried out in which the school climate
trait was omitted from the equation for achievement and the school achieve-
ment trait was included in the equation for school climate. (This analysis was

carried out using a single school achievement trait, measured by the two indi-
cators of average reading and mathematics scores.)

Independent Dependent Elementary Middle Secondary
Factor Factor (n=1124) (n = 496) (n = 595)
Student Achievement
School Size +0.10 +0.01 +0.39*
Class Size —0.25* -0.27 -0.37*
Normative Cohesion —0.09* —-0.02 —-0.00
Teachers’ Qualifications -0.01 -0.13 -0.12
Teachers’ Influence +0.02 +0.02 -0.05
I 0.69 0.85 0.81
School Size
School Climate —-0.05 —-0.06 —-0.22*
Class Size -0.20 -0.26 —-0.09
Normative Cohesion +0.22* +0.37* +0.34*
Teachers’ Influence +0.01 +0.11 +0.02
Student Achievement -0.29 -0.03 -0.11
2 0.68 0.75 0.70
Statistical Summary Measures
GFI (AGFI) 0.95 (0.92) 0.91 (0.85) 0.93 (0.88)
P2 (d.f.) 606 (130) 552 (130) 506 (130)

NOTES: Entries in table are standardized gamma coefficients.

(*) p<.05 based on repeated half-sample standard deviations. The same factors and equations
were included as represented in table 6, except for the reversal of achievement and school
climate.

r? values include effects of three background factors in addition to factors shown.




237

Response: Opportunitiesfor Design
Changes

ValerieE. Lee
University of Michigan

I have had much experience in the statistical analysis of NCES data sets,
particularly those with alongitudinal design. | feel very grateful to NCES for
collecting these excellent data and making them avail ableto researchers. Imag-
ine the cost if we had to collect such data ourselves! However, in conducting
many studies, it is not unusual for researchers to discover many difficulties—
and to want to change future data collections to avoid such difficulties.

Thus, | am using this conference, and my participation here, as a public
opportunity to encourage NCES to consider some changesin their data collec-
tiondesigns. | believethat theimplementation of these suggested changeswould
help researchers address policy-rel evant questions about education more accu-
rately and reliably. | use my comments about the papers in this session as a
“launching pad” for making these suggestions.t

Comments on the Brewer and Goldhaber Paper

The Brewer and Goldhaber paper, “ Improving Longitudinal Dataon Stu-
dent Achievement: Some Lessons from Recent Research Using NELS:88,” is
asolid, even classic, example of how economists conduct educational produc-
tion function research. The dependent variable these researchers explore is a
measure of learning, which they conceptualize as the change in students
achievement over atwo-year period—the first two years of high school. The
authors focus on achievement gains in the four subjects that were tested in
NELS. | agree with the approach that uses gains in achievement in individual
subjects as measures of learning.

1 The opinions expressed in this paper are those of the author. Address any comments to
Professor Valerie Lee, School of Education, University of Michigan, 610 East University
Avenue, Room 4220, Ann Arbor, M| 48109.



238 Valerie E. Lee

The Research Focus

Brewer and Goldhaber’s research focuses on estimating achievement gains
asfunctionsof classroom conditionsand qualifications of teachers. Their analy-
ses take typical control variables into account. The researchers capitalize on
the NEL S data collection strategy, in which data collected from two of each
student’s teachers may be matched directly to each student in the subject in
which the teacher has taught the student in hisor her tenth grade year. Intheir
analyses, these researchers use a single unit of analysis—the student—and
they useordinary least squares (OL S) regression astheir major analytic method.
From my vantage point, the research described by Brewer and Goldhaber is
characterized by afew methodological difficulties, some of which the authors
could not have avoided. As stated, | use these difficulties to highlight some
shortcomings of NELS data collection designs. | recognize that economists,
such as these authors, may have severa differences of opinions with sociolo-
gistsof education like me. Nonetheless, let me spell out two major difficulties.

Design Difficulty Number One

By intent, the NELS data are not designed so that several students are
“nested” within each teacher. Moreover, evenif severa NEL S studentsdo have
the same teacher for the same subject at tenth grade (i.e., they are matched to
the same teacher in this data set), the students are not necessarily in the same
classes even when they have the same teacher. To me, the most logical mecha-
nism through which a teacher’s qualifications might be linked to a student’s
learning would be that the teacher’s qualifications would somehow influence
how he or she teaches, i.e., through instruction. To oversimply this mecha-
nism, let us assume that instruction isto be broken down into two components.
One component is related to the content the teacher imparts. Content would
take place at the level of the individual class, and teachers would vary their
content depending on the class they were teaching (and the students in the
class). The second component is the teacher’s expertise. This component is
onethat the teacher would “carry” with him or her regardless of the classbeing
taught; it might be constant across the students (and classes) taught. In the
analyses described by Brewer and Goldhaber, and fundamental to the structure
of the NEL S data, we must focus only on the second component of qualifica-
tions: subject matter expertise. Thefirst component, pedagogical or instructional
variation by class, must be ignored.
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Therefore, with NEL S, we are unable to differentiate between the sort of
instruction teachers actually use and the expertise they bring to the subject.
With this data structure, where there are very few teachers per student and not
all the students taught by asingle NEL Steacher are actually in the same class,
weare unableto either theoretically specify or empirically differentiate whether
teachers' qualifications—a major independent construct in this research—ac-
tually influence student learning through what material is taught, i.e., content,
or how material istaught, i.e., expertise level. To me, education is fundamen-
tally about such things. However, the structure of NEL S datalimitsresearchers
ability to tease out the differences between content expertise and pedagogical
expertisewithin the construct of “teachers' qualifications.” | do not think there
isasingle thing Brewer and Goldhaber could do to solve this vexing problem.
| suggest, however, that they could have recognized it in their paper.

Solution to Design Difficulty Number One

| believethereisasolution to thisproblem, and it hasto do with changing
the basic data collection design. If more students were sampled per school,
even at the cost of sampling fewer schools, this important problem would be
solved. With such adesign, we could recognize that studentsarein fact “ nested”
both within classrooms as well as within teachers, and that teachers' basic
instruction does change across the classes they teach. Thisis not the first time
| have made this suggestion to staff at the National Center for Education Sta-
tistics. However, | do not want to lose this golden opportunity to say it once
again—that NCES should actually include multiple studentsin particular class-
rooms as part of their sampling strategy. In this way, we researchers would be
abletoinvestigate the nested nature of schooling at threelevels: students, nested
in classrooms, which arein turn nested in schools. That is, we would be able to
tease out these important levels of variability in the nature of schooling.

Design Difficulty Number Two

The achievement outcome that these researchers use—change over time
on the same test—has been used by many of usvery frequently. As mentioned,
| see this as a measure of learning, specifically growth in achievement in par-
ticular subject areas between the eighth and the tenth grades. This way of
measuring learning capitalizes on the value of longitudinal research, some-
thing that is surely not lost on the participants in this conference. It is hard to
think of anyone who would not laud this feature of NCES databases as cru-
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cially valuable. Despite the value of longitudinal data, there is a basic design
flaw endemic in this type of research. Brewer and Goldhaber link learning
between eighth and tenth grade—a two-year period—to the qualifications of
the teachersto whom the students were exposed in tenth grade only. The obvi-
ous problem remains: What happened in the ninth grade? At one level, one
could conclude from this paper that Brewer and Goldhaber’s findings prob-
ably represent an underestimate of relationships that might actually be there,
simply because the authors were looking at only part of the students' educa-
tional experiences over the two-year time period captured by the achievement
gain. Further, high schools students could actually have been in these teach-
ers classesfor only asingle semester.

Solution to Design Difficulty Number Two

The obvious solutionisto collect achievement and instructional informa-
tion every year. That is, if we want to link instruction to learning using NCES
data, we need to match the data collection period to the instructional period;
such amatch represents a basic issue of construct validity. If we wish to inves-
tigate links between the character of instruction and students' learning as a
result of that instruction—a fairly basic question in educational research—
then we need an appropriate data structure to be able to do so. The NELS
structure, with biennial data collection, does not allow us to be able to do so.
Unfortunately, this design meansthat most of the research conducted with NELS
data does not really look at instructional effects. One possibility for research-
ersisto capitalize on the fact that many school districts in the United States
test al students annually. For example, | have conducted a couple of studies
using an excellent data set collected in Chicago, where the district tests every
student every year. These district data are linked to data collected through pe-
riodic surveys conducted by the Consortium for Chicago School Research.
The excellent cooperation between the Consortium and the Chicago Public
Schools has allowed researchers to link survey data to annual test data. As a
result, analysts may measure change in achievement over one year on the same
test, and these achievement gains may be linked to survey data from students
and teachers about students' educational experiences during the same year.
The Consortium didn’t have to collect achievement data themselves; it was a
major political accomplishment to be able to combine data of thistype. | sug-
gest that if thishasalready been accomplished in Chicago, perhapsit can happen
at the national level. Rather than constantly collecting new data, we should at
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least think about how to capitalize on existing test data (and equate scores
across different tests), asthere is surely enough testing going on in the world.

Summary of Comments on the Brewer and
Goldhaber Paper

| agree with these authors on threeissues and disagree with them on three
other issues. First, | agree with the authors that NCES decisionsto collect data
from teachers that can actually be linked to students are a real advance over
previous NCES data collection efforts in NELS. | would like to think of that
advance as the first stage in a data collection design that could actually be
vastly improved. Thefirst stageis surely important. Second, these authors and
| also agree on the need for a better sampling design. In their paper, they argue
that having more students sampled per school, and possibly sampling by class-
room, would be useful. Third, | also agree with them about the potential
usefulness of being ableto link datathat are collected from SASSwith NELS
(SASS is a cross-sectional NCES data collection effort.) SASS has informa-
tion about so many schools and teachers. At present, we cannot link these two
datasets, because each has sampled different sets of schoals. In the future, it
would be useful to have the longitudinal data collections occur in schools that
are also part of SASS.

| disagree with Brewer and Goldhaber on three other issues. The first is
their use of asingle unit of analysisand amethodol ogy restricted to single-unit
analyses. OLS regression. That would be acceptable if we knew that a very
low proportion of variability in the outcome occurred anywhere but between
students. However, other researchers have shown that with the NEL S achieve-
ment tests, perhaps 25 to 30 percent of the total variability in these test scores
lies systematically between schools. The authors ignored this. Therefore, they
assumed that there was no variability between schools. Thisis a serious over-
sight to me. | teach courses in hierarchical linear modeling (HLM), a
methodol ogy that is meant to address the multilevel nature of educational data.
| feel a strong need to state what may seem obvious: multilevel questions call
for multilevel methods.

A third issue about which | disagree with Brewer and Goldhaber istheir
lack of attention, in their paper and in their brief summary statement in their
presentation, to comparisons between public and private schools in other re-
search they have done. | found the simple mention of this type of comparison,
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without giving much detail about it, to be quite problematic. | have, with sev-
eral colleagues, conducted a substantial amount of research on cross-sector
comparisons. | would like to have seen what they did, and | would like to have
been able to comment on it. Presenting findingsin avery summary form, with-
out making them transparent enough so that readers can figure out the analyses
from which those summary findings have come, presents a problem. In papers
like this one, authors should provide sufficient detail for the benefit of inter-
ested readers. | suggest that otherwise such issuesdon’t get raised at al. Some
guestions that come to mind include: “There are different types of private
schools, but did the authors take that into account?’ and “What about the so-
cial distribution of achievement—ameasure of social equity in schools?’ These
are questions | have examined in some detail in research comparing public and
private schools. Other researchers have done this type of research as well.

Comments on the McLaughlin and Drori Paper

The second paper in this session, “School-level Correlates of Reading
and Mathematics Achievement in Public Schools,” isthe work of McLaughlin
and Drori. Asl seeit, the major purpose of the research described in this paper
is to demonstrate to the research community that it is possible to merge data
from different sources, collected for different designs and for different purposes,
into asingle data source.

Two Ways to View This Paper

Although it was not exactly clear how McLaughlin and Drori would like
readers to view their paper, there are two rather different ways that readers
could actually make use of thiswork. In one approach, readers would regard
the analyses heuristically. Viewed through this lens, the authors would like us
to see their work as an example of what could be done, i.e., how different
NCES data sets could be linked. A major research question taking the heuristic
approach might be as follows: “Can researchers really make use of data that
are merged in this way?’ Using a second lens, readers would consider the
paper’s substantive analyses and findings. This lens would result in research
guestions of the following type: “In which types of school do students achieve
at higher levels?’ Personally, | am more comfortable with the heuristic ap-
proach. Given the methodological and conceptual difficulties, | am cautious
about the validity of findingsand any substantive conclusionsdrawn from them.
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A Problem of External Validity

Both in the presentation and in the paper on which it was based, Don
McLaughlin provided much detail about the sample and the methodol ogy used
for linkage. Therefore, those details do not need repeating. There are, however,
afew issues | would like to mention. One issue is the potentially differential
weighting of data by state. For example, the number of sampled schools per
state ranged widely: between 50 and 335. Moreover, these numbers are not
always proportional to the population. Given that the analyses are at the school
level, that kind of between-state variation leads to weighting some states up
considerably, whileweighting down others. As| seeit, thisdifferential weight-
ing arisesfrom two sources: (1) the differential correlations of some state-level
information with data from NAEP and (2) the fact that the researchers have a
substantial amount of information from some states and very little from other
states. Without taking the systematic differences in data quality by state into
account, it isrisky to generalize these results even to the 20 states for which
dataareavailable. Let usconsider the outcome variable: school average achieve-
ment. The authors first created within-state school averages of students
standardized test scoresin several subjects, and they then introduced between-
state adjustments using information from NAEP. As McLaughlin mentioned,
the authors also weighted these scores by the degree to which the state
assessmentswere correlated with NAEP. Theweighting varied considerably—
between 0.37 and 0.86. This resulted in schools average achievement scores
in some states (e.g., Kentucky) being weighted down quite substantially. | am
not trying to dwell on the specifics here. Rather, | am raising an issue of
external validity. For whom, really, are the results to be generalized?

Unit of Analysis, Revisited

In discussing the Brewer and Goldhaber paper, | raised the issue of the
appropriate unit of analysis. In that paper, the researcher used a single-level
analysis at the level of students to attempt to assess how teacher quality influ-
ences students’ learning. | suggested that such issues are more appropriately
addressed with multilevel methods such as HLM. This same issue—deciding
on the appropriate unit (or units) of analysis—isal so relevant for the McLaughlin
and Drori paper. Whereas Brewer and Goldhaber assumed in their analysis
that al of the variance in achievement was between students (although we
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know that 25 to 30 percent of the variance in achievement lies systematically
between schools), McLaughlin and Drori have, by conducting school-level
analyses, assumed that all of the variance lies between schoals, i.e., they have
ignored the large proportion of variance that lies between studentsin the same
schools. In moretechnical terms, thefirst set of authors assumed an intra-class
correlation in the dependent variable of 0, and the second set of authors have
assumed that the intra-class correlation in school achievement is 1. Neither
assumption is correct. Brewer and Goldhaber, as | mentioned, had systemati-
cally ignored the 25 to 30 percent of the variancein test scoresthat was between
schools. On the other hand, McLaughlin and Drori have ignored the 70 to 75
percent of the variability that is between students within schools.

A Few Other Issues

A few other issues about the McLaughlin and Drori paper relate to the
difficulty in drawing substantive conclusions from their results. One issue re-
lates to aggregation bias. These authors have used only school-level variables,
many of which they have created through aggregating student-level data. Quite
simply, aggregated variables do not typicaly have the same meaning as the
individual variablesfrom which they are created. For example, school average
SES may measure the types of students who attend a school, but it also mea-
sures resource availability in the school. Yet it doesn’t measure the social
homogeneity of the student body (which the individual-level measure would
capture). Another relevant issue is model specification. The origina model
with which the authors introduced the paper was very broad. Moreover, there
were multiple variables introduced to operationalize each of the constructs
they wished to examine. In my opinion, the original model wastoo broad. The
fact that alarge number of variableswereintroduced into the analysis, but only
afew “survived,” suggested an approach typified by thefollowing: “Well, let's
seewhat counts?’ | prefer causal modelsthat are derived theoretically, that are
more focused in scope. | admit that each of the constructs was discussed in a
theoretical context in the early part of the paper. Still, the model wastoo broad.

A final issuel would liketo discussrelatesto drawing causal conclusions
from cross-sectional data. The authors were, in fact, quite careful throughout
the paper to introduce multiple disclaimers about not conducting causal analy-
sis. However, by its very nature, the type of analysis conducted hereis causal.
The authors selected a dependent variabl e (average school achievement) and a
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large number of independent variables. | believe that we arein fact conducting
causal analyses whenever we employ typical general linear model methods,
regardless of the disclaimers we introduce. The findings, moreover, were not
always stable. Some independent variables were statistically associated with
school average achievement using one analysistechnique, e.g., structural equa-
tion modeling, but not with another technique, e.g., OL Sregression. Which set
of results should we believe?

A Contradictory Conclusion

The authors of these papers surely did not expect that the two papers
would be compared. However, comparison seems almost inevitable, sincel’ve
been asked to comment on both of them. Again, theissueisasfollows: “Which
results do we believe?’ Both sets of authors investigated whether teachers
qualificationsinfluence student learning. In their paper, Brewer and Goldhaber
concluded that teachers' qualifications count. Although McLaughlin didn’t men-
tion it in his oral presentation, in his paper he reached the conclusion that
teacher qualifications do not count. | realize that the two papers used different
data, used different approaches, and examined the question at different units of
analysis. Yet both used data that are at least meant to be nationally representa-
tive, and both addressed the same overarching research question. As readers
interested in drawing substantive policy conclusionsfrom quantitative research,
what are we supposed to learn from two papers with divergent conclusions?

Final Words

Let me end by briefly summarizing the issues | wish to emphasize. Both
papers have posed what are essentially multilevel questions, but neither has used
multilevel methods. Both are essentially posing questions about school effects:
“How do characteristics of schools and the classrooms in them influence the
learning of students educated in those schools and classrooms?” Such questions
require the use of multilevel methods. A second magjor issue is how we should
measure the effects of instruction on learning. | have offered some suggestions
here about more appropriate designs for data collection. If we want to link data
on teachers and teaching to student achievement and learning, we need data on
more students in each school, probably a sampling design where students are
systematically nested within teachers and classrooms. Thisis important. In my
opinion, the“action” in education really isright there in the classroom. So let us
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get good data so that we can actually explore education at this level. | do not
mean to be ungrateful to NCES; they have been helpful to me. Nonetheless, in
the spirit of thisconference, | think improvements can be made, our methods can
be done better, so that iswhat | am saying. Let us do them better.
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Assessment Trendsin a
Contemporary Policy Context

Marshall S. Smith

Under Secretary of Education

Acting Deputy Secretary of Education
U.S. Department of Education
Washington, DC

For the last 30 years, the “gap” between the scores of African American
and white students on standardized tests of reading and mathematics has been
athorny and controversial issue. Efforts to understand—and reduce—the gap
have highlighted the challenge of simultaneously making progress toward the
two co-equal guiding goals of American public education: educational excel-
lence and educational equality.

In terms of both methodology and research perspectives, the papers pre-
sented in this seminar book make thoughtful contributionsto our understanding
of the achievement gap. These papers, along with thosein the Jencksand Phillips
(1998) volume, enrich our understanding of policies and programs that will
raise overall student achievement while, at the same time, helping to close the
achievement gap between black and white students.

Putting such policies in place is a primary focus of the legisative pro-
posal that President Clinton sent to Congress for the reauthorization of the
Elementary and Secondary Education Act (ESEA), atask that the Congressis
undertaking during the 1999-2000 session.* The proposal is based on power-
ful evidencethat all of our children canlearn to far more challenging standards
than we have hitherto understood, aswell asabelief that accessto high-quality

1 At the time of the seminar, | was serving as Under Secretary of Education and Acting
Deputy Secretary of Education at the U.S. Department of Education. In February 2000, |
moved to Stanford University as a Professor of Education, having previously served on
the faculties of Harvard University and the University of Wisconsin and also as Dean of
the Graduate School of Education at Stanford University.
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education resources is a fundamental right for all children.?2 Our work on the
ESEA proposal has been, and will continue to be, informed by effortsto iden-
tify and understand interventionsthat promote both educational excellence and
educational equality.

The search for such interventions is not new. During the late 1960s and
early 1970s, | was one of a small group of researchers who spent months ex-
amining hundreds of computer printout pages, searching for explanations of
black-white test score differences. Typically, the data on those printouts were
fromthe“ Equality of Educational Opportunity Survey” (Coleman et al. 1966).
Those cross-sectional data were not as powerful for our purposes as the longi-
tudinal datanow availablein the High School and Beyond (HS& B) survey and
its successor longitudinal surveys, such as the National Education Longitudi-
nal Study (NELS), or as the trend data now available from the National
Assessment of Educational Progress (NAEP). Researchers have obtained a
clearer picture of trends in achievement and of the nature of the achievement
gap as we have gradually accumulated more national and state NAEP assess-
ment data over time. The clearer picture and the trend data are invaluable in
enlightening our efforts; still, we face many challenges in both understanding
and reducing the gap. These challenges are, of course, the reasons for conven-
ing this seminar.

In this paper, | will first examine some plausible hypotheses for the nar-
rowing of the gap that occurred between 1971 and 1988. Second, | will consider
reasons why the gap did not continue reducing after 1988 and will examine
NAEP trend data for 1990-1996, with a special focus on 1990. Third, | will
propose the argument that reformsin the education system from 1992—1999in
many states are leading, at present, to improvements in teaching and learning
and will lead eventually to improvements in student achievement. Moreover, |
believethat, if well implemented, these changes will lead to further reductions
in the gap. Then | will review 1990-1998 NAEP data from assessments that
are more extensive than the NAEP trend assessments. These new data indicate
that the reforms may already be supporting overall increases in test scores for
both African Americans and whites. Finally, | will comment on the use of ex-
perimental methodol ogy in education research and raise some questions about
how to measure student achievement.

2 See O'Day and Smith (1993) for a discussion of the impact of standards-based reforms
on equality of educational opportunity.
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The Achievement Gap Narrows: 1971-1988

In 1990, Jennifer O’ Day and | (19914a) examined the achievement results
on NAEP trend assessments administered from 1971 through 1988. Over that
17-year time period, the NAEP trend data show that the gap in test scores
between African American and white students narrowed substantially for both
reading and mathematics achievement. Our analysis considered a number of
plausible hypotheses for this reduction in the black-white achievement gap
between 1971 and 1988. What we saw—and tried to explain—was a pattern of
consistent and substantial increases in African American achievement and al-
most no change in white scores. The increases in black scores and the relative
stability of white scores, taken together, produced a reduction in the gap be-
tween the reading scores of black and white students—in less than two
decades—of approximately 33 percent for 9-year-olds and over 50 percent for
13- and 17-year-olds. For math, the reductions ranged between 25 and 40 per-
cent over thethree agelevels. Put in another metric, on the reading assessments
administered in 1971 and 1988, the original four grade-level difference be-
tween 17-year-old African American and white students in reading narrowed
by well over two grade levels.

There was, however, a cloud on this otherwise bright horizon. In our pa-
per, O’ Day and | (1991a) suggested that the factorsthat we believed contributed
to the reduction in the gap in the past might have run their course and that other
factors were appearing that could lead to a widening of the gap. Two years
later, in the context of a paper on educational equality and standards-based
reform, O'Day and | (1993) returned to consider the black-white test score
gap. To our dismay we found, in the 1990 test score data, preliminary evidence
on reading achievement for our hunch. | will address this issue later in this

paper.

Now, let us examine the trend data where the reductions in the gap be-
came clear. Table 1 showsthe NAEP long-term trend reading scoresfor whites
and blacks at three age levelsfor test administrationsfrom 1971 to 1996. Table
2 displays the NAEP long-term trend mathematics scores for the same three
age levels for test administrations for a shorter period of time, from 1973 to
1996. 3

8 Tables 1 and 2 in this paper are taken from NAEP Trends in Academic Progress, 1996,
rather than from Smith and O’ Day (1991a).



Marshall S. Smith

252

'SJUBWISSasSY Pulpeay puall wial-Buo] 966T 01 T26T ‘(dIVN) ssalboid
[euoneINP3 JO JUSWISSISSY [RUONEN ‘SONSIeIS UoeINp3 o) 181U [eUoleN '966T ‘Ssaibo.id olwapedy ul spudil 43vN :304N0S

‘(eT66T) Ae@.0 pue Yyws ul Jeadde jou saop d|gel siYL 310N

662 006T 6612 966T | 2861
9'z¢ v'G8T  0'81¢ V66T | G86T
v'IE 9'G6eC  0/92 9661 v'ee Sv8T  6L1¢ Z66T | €861
80E €vEZ  1S9C 66T ZGE 8181  0Zi¢ 0667 | 1861
062 ¥'G9z  vv¥6z 9667 | 882 962 7992 2667 | <cz6¢c  S88T 2.1z 8861 | 6L6T
§'6¢ 299z 1S6C V66T 802 STrZ €292 0661 L16T
8'0¢ 909¢  v.6c 2661 v'8T  6cve  £19¢ 8861 GCe /'G8T  ¢'81¢ ¥86T | GZ6T
€6¢ €792 996C 0661 €/6T
T €0¢ ~ vvlZe ~ [vec 8861 292 €952z G629z  ¥86T 0Z€ €68T €£1c¢c 086T | TZ6T
77T€ 9€9C  £G6C  v861L 9TE 8Z€c  vvoc 0861 v'Ge Z18T  991¢ G/6T | 29-9967
767 TErZ  8c6¢ 0861 7OE G2 129 Gl6tT 57 TO0[T  0Vic TI6T | £9-2961
v'es 90 0E6c  Gl6T S8e vZec  609¢  T/61 8561
725 7852 v16C 161 7561
ma S9J00S  S8100S  Jeaj uia S9I00S  S9l00S  JesA ua S9100S S81090S TesA 1i0yo)d
3oe|g a|eos a[eos 1s81 yoe|g a[eos a[eos 1S9 yoelg  9ess a[eos 1sa1
aUUM  doeld  UUM SNUM  qdBlg  AUUM SlUM  Moeld  BlIUM
LT 39V €T 39V 6 39V

SIUBPNIS |00YIS dJeAlId PUe d1|gNd ‘[eUOITEN :966T—T/6T 'S2109S Buipeay pua.l widl-Buo d3vN T a|qeL



253

Assessment Trends in a Contemporary Policy Context

'SJUBWISSASSY Bulpeay puall wial-buo 966T 01 TZ6T ‘(dIVN) ssaiboid
[euoneonp3 JO JUSWISSISSY [eUONBN ‘SOIISIRIS UoeINpT Jo) 1a1ua) [eUONRN '966T ‘SSa.bo.id dlwspedy ul spusil 43vN :3DHNOS

(eT66T) Ae@.0 pue yuws ul Jeadde jou saop ajger siyl :J1ON
€q¢ 9'11¢ 69€¢ 966T 186T
L've T¢te 8'9¢€¢ V66T G86T
162 T'¢se 2'18¢ 966T T'l¢C 0'80¢ T'gec 266T €86T

€'6¢ S'TS¢ 8'08¢ 66T 8'9¢ ¥'80¢ [Astor4 066T 186T

0'Lc ¥'98¢ V'ETEe 966T 1'8¢ 2'0S¢ 6'8.¢ 266T 6.6T
8'9¢ §'98¢ PRARS 7661 @ ULz T'6vc A0/k 066T €'qc 9'10¢ 6'9¢c 9861
T'9¢ 8'G8¢ 6'1T¢E ee6T | S/6T

0'T¢ §'88¢ S'60€ 066T v've a'6ve 9'€lLe 986T T'6¢C 6'v6T 0'vee 86T €L6T

6'8¢ 9'8L¢ G'L0€ 9861 o've v'ove v'vie 2861 L1 26T Tvee 86T 696T
6'T¢ 8'T.¢ L'€0€ 2861 (474 9'6¢¢ 1 861 0'sE 0°06T 0'sce €.61 G961

G'LE '89¢ 6°50€ 8,61 0'9% 0'8¢e o'v.c €.6T T96T
wa S9100S  S2102S  JeaA a $9100S  S9400S JeaA Ha $9100S  $9102S JeaA 110yod
Joelg  9[eos a[eos 1S9 yoe|g a[eos a[eos 1581 | Yoelg a[eds  9ess 1S9
alym  oe|g a1UM SUUM  oelg  8UyM SUUM  ddelg  SlUM
LT A9V €T 39V 6 39V

SjuapnIs |00YoSs
aleAlld pue d1jgqnd ‘[eUOITeN :966T—E.6T ‘S90S Sonewayle puall wial-6uo d3vN  algeL



254 Marshall S. Smith

For both tables 1 and 2, a step-wise dashed line separates the data from
before and after 1990; therefore, the reduction in the achievement gap that
occurred between 1971 and 1988 can be revealed more clearly; and the “ cloud
on the horizon” represented by the 1990 data can be seen asit first appeared.
One way of interpreting these tables is to think of 10 scale points as being
roughly equal to agradelevel. (A more precise estimateisthat agrade level of
growth between 9- and 13-year-olds is equivalent to about 12 scale points,
while between 13- and 17-year-oldsagradelevel isabout 8-10 points.) A brief
review of these findings indicates extraordinary changes, as noted here:

[ Inreading, over aperiod of 17 years from 1971 to 1988, the scores for
black students tested at 9 years of age increased by 18 scale points.
Scores for black 13-year-olds increased by 20 points. Both increases
represent an improvement of roughly 1.5 gradelevels. During the same
period, the scores for white students increased only slightly. Thus, the
gap between black and white scores was reduced by almost 1.5 grade
levels. Over the same years, scores for 17-year-old black students
increased by substantially morethan 3 grade levels, and the gap reduced
from 53 to 20 points.

[ In math, over a period of only 13 years from 1973 to 1986, the scores
for 9-year-old black students gained 1.5 grade levels, and the gap
narrowed by 0.5 grade levels. The 13-year-old black studentsimproved
by almost 22 points, over 1.7 grade levels, and the gap narrowed by
amost 2 grade levels. Black 17-year-olds increased their scores by
approximately 1 gradelevel, and the gap narrowed by 1.5 grade levels*

Another way of looking at these data is to consider what happens to a
group, or birth cohort, of students who are born in a certain year, in other
words, to understand the context of their schooling. Fortunately, the NAEP
trend data give us the opportunity to review data for several birth cohorts of
students. For example, we have datafor students bornin 1971 for all three age
levels that were administered the NAEP reading assessments:. the 9-year-olds
took the test in 1980, the 13-year-olds in 1984, and the 17-year-olds in 1988.
Looking at these databy cohort gives usthe chance to examine whether changes
in the test scores and in the gap occurred in the early or later years of school-

4 Seeadlso the discussion in Smith and O’ Day (19914).
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ing. Table 1 displaysreading scores by cohort.> Looking above the dashed line,
what do we see in table 1 for data collected prior to 1990? Two points seem
important. First, following the progress of the cohorts, we see the gap clearly
closing. But we also see that the changes did not happen only during the years
from 1971 to 1988. The changes stretch from 1962 to 1988. The 9-year-olds
tested in 1971 were born in 1962. This reminds us that, when we explore pos-
sible ideas about the causes of changes in scores, we need to think about the
time periods the students lived through as they were growing up.

Second, these data on reading achievement give us insights about the
effects of schooling on students. The data for the youngest group, the 9-year-
olds, may be viewed asreflecting acombination of student background factors
(family status, preschool attendance, etc.) and the early years of schooling
(e.0., grades K—4). The reading scores of 9-year-old black students from the
1962 cohort to the 1971 cohort show an increase of morethan 1.5 grade levels.
Recall that these 9-year-olds were tested at the beginning and the end of the
1970s, a period that included the maturing of both Head Start and Title|. The
scores for black 9-year-oldsin the latter two cohorts (1975 and 1979) showed
no increases. White 9-year-olds showed a slow increase over the five cohorts.
This resulted in areduction in the size of the gap, suggesting that, during the
early years of this period of time, there were substantial relative improvements
in preschool and early elementary school opportunitiesfor black students. And
the test score increases from this early period were sustained.

But what happens during the periods from 9- to 13- and from 13- to 17-
years-old across the cohorts? Of particular interest is that black students
generaly “grew” more than whites during the 9- to 13-year age period on the
reading test. In this age period, for each of the cohorts, the growth in reading
achievement for blacks (about 53 points on the average) exceeded that of whites
(about 45 points on the average) with a striking difference of 14 pointsin the
1975 cohort. The picture is more complicated when the 13- to 17-year-old
growth estimates are examined. One fact that stands out isthat, in these years,
the growth for both groupsis, on average, only about 30 scale points or about
60 percent of the average growth for the 9- to 13-year-olds. Thus, there is
greater growth on these tests for young adol escents than for ol der adol escents.

5 Note that for some of the cohorts we took the liberty of using immediately adjacent
years. For example, in the 1962—63 combined cohort, both the 9- and the 13-year-olds
who were given the test were born in 1962, while the 17-year-olds were born in 1963.
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Another feature of these dataisthat, in the 1958 and 1962 cohorts, the growth
for whites was far greater than the growth for blacks. This changed dramati-
cally to no difference in growth in the 1966 and the 1971 cohorts, perhaps
indicating some equalization of opportunity in secondary schools.

Plausible Explanations for These Changes

The essay O’ Day and | (1991a) wrote was not the end product of acom-
prehensive research project, but amore general academic overview of education
reform. Rather than a detailed statistical analysis, we set out to write a pro-
vocative analysisthat reviewed broad trendsin education policy over theyears
and related them to changes in test scores.® O’ Day and | were writing almost
25 years after Equality of Educational Opportunity (Coleman et al. 1966) was
published, so we framed our text according to that report. Coleman and his
colleagues had separated their “explanatory” variables into four clusters: (1)
background and home environment; (2) school context including the social
classand racial composition of the school; (3) teacher characteristics; and (4)
school resourcesincluding curriculum, libraries, and other items. For our analy-
sis, we combined the third and fourth clusters into one large school resource
category, leaving us with three clusters.

Our approach was simple. We reviewed the status of and trendsin anum-
ber of key explanatory variables within the three clusters and then looked at
the scores in the NAEP trend data; we then attempted to relate the two sets of
trendsto each other. Naturally we were interested in explanatory variablesthat
showed a relationship to student achievement and had a track record in the
research literature. We were particularly interested in variables that showed a
positive trend or change for blacks, positive in the sense that they indicated
that black achievement might rise due to changes in the environment or condi-
tions that were measured by the variable. We wanted to explain the substantial
increases in black achievement that the NAEP trend data revealed. To refine
our search even more, we also were interested in the same variables showing
only aneutral or negative change for whites, because we wanted to be able to
understand why white achievement did not increase. Here | will simply sum-
marize afew of our central conclusions.

6 Seven years later David Grissmer and his colleagues devel oped what now stands as the
definitive quantitative work on NAEP data and the test score gap (Grissmer, Flanagan,
and Williamson 1998; Grissmer et al. 1998; Grissmer and Flanagan 1998).
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Background Factors

Consider again the period of timefrom 1962 to 1988. This eraspansthe
period from the beginning of the “Great Society” to the end of the Reagan
Presidency. The early years of this period, in particular, witnessed substan-
tial stridesin economic well-being for families of African American children,
with asmaller improvement for white students. The percentage of black chil-
dren living in families below the poverty line fell from 65 percent in 1960 to
42 percent in 1980 (Smith and O’ Day 1991a). Poverty rates al so diminished
for families of white children; but a substantially smaller percentage of whites
were affected, at least in part because the white percentage in poverty was
(and still is) much lower. Given the consistent relationship between poverty
and achievement, it is reasonabl e to identify these changes in economic con-
ditions as contributing to improvements in the achievement of both groups,
but to alarger extent for black students.

Another related devel opment occurred between 1970 and 1988. The per-
centage of mothers of black elementary school children who had completed 12
or more years of schooling nearly doubled, moving from 36 percent to 69
percent, while changing only slightly for white mothers (Smith and O’ Day
1991a). Studies of academic achievement consistently find the educational at-
tainment of mothers to have a clear and strong relationship to their children’s
educational achievement.

Finally, preschool attendance is another factor that is moderately related
to student achievement, particularly in the early grades. From 1960 to 1980,
preschool attendance increased substantially for low-income children (Smith
and O’ Day 19914a). Because there was ahigher proportion of low-income black
families, theincreasein preschool attendance gave proportionally greater edu-
cational opportunities to black children.

Yet the demographic picture was not entirely positive. During the same
period, a few other factors related to poverty and to achievement increased
substantially morefor blacks than for whites, such as the percentage of single-
parent families. Other factors held level for blacks while declining for whites,
such as the number of low-birthweight babies (Smith and O’ Day 19914).

Social Context

Two important factors that influenced African American children posi-
tively from 1962 to 1988 were rural-to-urban migration and desegregation.
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From 1960 through the early 1980s, large numbers of African Americansfrom
the rural South migrated to urban communitiesin the South and the North. For
those who remained in the South, the rapid devel opment of metropolitan areas
and widespread economic recovery during the 1970s and 1980s were signifi-
cant forces of change that created important opportunities related to improved
academic achievement (Smith and O’ Day 19914).

Second, from 1969-1972 most Southern states experienced large-scale
desegregation of their schools. Desegregation had powerful effects on the ra-
cial and social class composition of schools, improving conditions that are
generally positively related to student achievement for blacks and whites, though
more so for low-income students. And desegregation affected more than just
the composition of the schools. In the South, particularly, there were dramatic
improvements in the characteristics of the new schools that black students at-
tended, as they moved from segregated all-black schools into newly
desegregated, formerly all-white schools. In sum, educational opportunities
increased, especially for black students in the South (Schofield 1991).

Table 3 reflects some of these changes. It showsthat the reading gainsfor
blacks across the NA EP assessments from 1971 to 1988 were much stronger in
the South and border states than in the Northeast and Midwest states, reflect-
ing the forces of rural-to-urban migration, desegregation, and economic
recovery. The scores for white students in the South and border states also
increased more than in the Northeast and Midwest, especially for 9- and 13-
year olds, but their gains were nowhere near as large as the gains for blacks;
and consequently, the gap shrunk by alarge amount.

Again, however, the picture was not completely positive. During the late
1970s, the 1980s, and into the 1990s, concentrations of urban poverty and the
racial isolation of African American studentsincreased especially inthe North.
Considerable research indicates that these factors have a negative effect on
student achievement (Smith and O’ Day 1991a).

School Characteristics

In our analysis, O’ Day and | (1991a) considered a variety of school fac-
tors. Two factors, beyond the effects of desegregation in the South, deserve
mention in thisreview. The first was an increased focus across the country on
supplemental or compensatory education for children from low-income fami-
lies between 1966 and the early 1980s. The policy emphasis started with the
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Great Society and eventually characterized much of the federal education ef-
fort. Titlel of the Elementary and Secondary Education Act wasthe cornerstone
program of this effort, providing supplemental assistance to millions of stu-
dents. Title| programs provided substantial resources and focused attention on
the need, particularly in high-poverty schools, to provide low-achieving stu-
dents with the kinds of support that they needed to learn the “ basics.”

It isdifficult to disentangle the effects of Title | from the effects of other
programs, primarily because the program served the universe of high-poverty
elementary schools. There are no data setsthat show large, specific effectsfor
the Title | program during this period; nevertheless, the program put substan-
tial supplemental educational resources into schools, helped in many districts
to lower class sizes, and emphasized the basics of reading and mathematics
(Kaestle and Smith, 1982). Perhaps more important, Title | served as a na-
tional stimulus and symbol to focus attention on the needs of low-income
students. Many Title | students were African American. In my view, it was no
coincidence that the growth and expansion of Title| and of “the national idea’”
of supplemental education support came at the same time as substantial in-
creases in African American scores on NAEP reading and mathematics
assessments at the 9- and 13-year-old levels.

These changes in curriculum and in schooling were largely confined to
the elementary and middle school levels; however, substantial decreasesin the
achievement gap between black and white students also occurred at the sec-
ondary level from the mid-1970s through the late 1980s. O’ Day and | (1991a)
argued that this happened, in part, because many secondary schools were also
focused on compensatory education. The stimulusin this case came from mini-
mum competency exams. By the mid-1980s, 33 states required passage of a
minimum competency test of basic skills as a criterion for graduation (Office
of Technology Assessment 1992). We believed that the use of minimum com-
petency assessments had a powerful ameliorative influence on the achievement
gap. The instructional emphasis on basic skills, combined with high-stakes
testing, produced a greater degree of focus and coherence in the core curricu-
lum of many secondary schools, which might have been lacking in prior years.

Notethat, at both elementary and secondary levels, the school-based poli-
cies that appear to have affected the gap were focused on basic rather than
advanced skills. This focus is consistent with the effects on achievement re-
sults during this time period. In summary, the effects were generally positive
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for most students who started the erawith relatively low scores and neutral for
students who started with higher scores. Further, these results are also consis-
tent with the character of the NAEP trend assessment instrument, which itself
measures basic skills primarily rather than more complex intellectual abilities.

The Gap Ceases to Narrow: Beyond 1988

Through the 1988 test administration, the NAEP trend data for reading
and mathematics achievement showed a powerful and consistent reduction in
the gap between the scores of African American and white studentsat all three
agelevels. From observation of these achievement data, there was no reason to
believethat thistrend would not continue. Yet O’ Day and | (19914) argued that
the gap would stop narrowing unless some new policies were quickly put into
place.

Our argument then was based on three points. First, each of the variables
that we believed contributed to the reduction of the gap in black and white
achievement had changed by 1990. For example, poverty was slightly increas-
ing during the late 1980s for black families, rather than decreasing. Rising
poverty rates would tend to reduce rather than increase average black achieve-
ment. Another exampleisthat desegregation and the migration of black families
North and to the cities was over; and the concentration of poverty in the North-
ern inner cities probably was making a negative, rather than positive,
contribution to reducing the gap. Finally, the number of states using minimum
competency tests as a graduation requirement had stopped increasing.

Our second point was that during the 1980s the national idea of assisting
the poor through government programs was under attack. The focus on equal-
ity had diminished and had given way to a new focus on quality. The 1983
report, A Nation at Risk, had revealed the inadequate performance of Ameri-
can students compared to their international peers (National Commission on
Excellence in Education 1983). This report stimulated the already growing
interest among the states, especially in the South, in reforming the schools
through such measures as increasing the number of hours in a school day,
adding to the number of days in a school year, and encouraging students to
take tougher courses.

While an overall increase in quality would support children from low-
incomeaswell asaffluent families, two observationsindicated that these reforms
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would not reduce the gap. One observation is that for years the United States
had condoned a curriculum and a quality of instruction in low-income inner-
city and rural schools that are shallow and insufficient compared to those
available to their suburban and well-to-do peers. There was little in the new
quality reforms that would redress this inequality in opportunity. Another ob-
servation is that O'Day and | realized that, even if there were significant
improvementsin curriculum and instruction, they would take considerabletime
to implement and, further, that schoolsin inner cities and poor rural areas lag
their counterpartsin the suburbsin carrying out such changes. Thus, even though
we hoped we were incorrect, we suggested that poor and minority students
were less likely to benefit from the new focus on higher quality, at least in the
short run.

Finally, the third point was that, while black students had shown striking
increases in their scores between 1971 and 1988, there was reason to believe
that many of the gains on the assessments that could be achieved from across-
the-board emphases on the basics and minimum competencies had already
been achieved by the late 1980s. Thus, in the future, closing the gap would
require greater attention to higher-order skills such as reading comprehension
and problem solving than poorly performing students had received in the past.

On the basis of these conjectures, O’ Day and | questioned whether the
gap would continue to reduce in size over the decade of the 1990s (Smith and
O’ Day 19914). We suggested that it would not continue to narrow unless three
vigorous steps were taken to differentially improve the quality of educational
opportunity for African Americans. In particular, we argued that, in the ab-
senceof an effective policy to alleviate poverty, the country needed an aggressive
effort to support low-income families with children and to prepare al children
for school by improving their accessto quality health services and early child-
hood education.

Outside of schools, we advocated increasing the opportunitiesfor school-
and community-based after-school programsfor studentsininner-city and poor
rural areas, in order to provide safe and academically stimulating environments
beyond the six-hour school days. Within schools, we argued for rapid move-
ment toward state standards-based reform, arelatively new idea then, though
well understood now.” Our argument then centered on the need to eliminate the

7 See Smith and O’ Day (1991b) for additional details.
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decades-long practice of giving our neediest students in the highest poverty
schools the | east-trained teachers and a “ watered-down” curriculum. The cur-
riculum and the quality of instruction needed to be upgraded throughout many
schools, but the need was greatest in high poverty areas. | will return to these
policies in my discussion of how to address the achievement gap, in the last
section of the paper.

Now, what happened after 19887 In 1992, O’ Day and | wrote a second
paper in which we specifically examined the results of the 1990 assessment
(O'Day and Smith 1993). To understand what happened to the achievement
gap in 1990, we need to refer once again to table 1 (p. 252). The most dramatic
changes happened in reading achievement. For the 17-year-olds in the 1971
cohort, who were tested in 1988, the test score difference between African
American and white students was 20 points, down 32 points compared to 1971.
Then, suddenly, in 1990 the gap enlarged to 29 points. For 9-year-olds the gap
increased by 6 points, and for 13-year-olds by only 2 points. For mathematics
achievement at the 9- and 13-year-old levels there was little change in the gap
from 1986 to 1990, while for the 17-year-olds the gap narrowed somewhat.
Now, of course, this was only one new point in time, and one data point is
clearly insufficient for making strong inferences about changesin along-term
trend. Still, for reading achievement, the 1990 assessment revealed sudden,
substantial changes in the size of the achievement gap in precisely the direc-
tion that we feared. Further, for two of the age levels in mathematics, the gap
remained fairly constant between 1986 and 1990 (see table 2, p. 253).

We now have the luxury of looking over alonger period of time. As a
number of authorsin Jencks and Phillips (1998) suggest, the NAEP longitudi-
nal trend data from 1990 through 1996 do not show a clear pattern of growth
for either African American or white studentsin either reading or mathematics
achievement. Conseguently, for these trend data there is no clear pattern of
change in the gap during the early and middle 1990s. It seems clear that the
gap had ceased to reduce, at | east as measured by the NAEP trend data. But the
NAEP trend data may not be telling the entire story.

The 1990s: Standards-Based Reform

During the decade of the 1990s, the nation’s focus on educational im-
provement and reform was unprecedented. Federal, state, and local governments
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made education their top priority. At the federal level, three fundamental ob-
jectives guided investment strategies in K—12 education, as follows:

1. Create economic and health care environments as stable and livable as
possible for al families with children.

2. Expand opportunities for all students to participate in engaging and
educationally rich activities beyond the traditional school hours. These
opportunities include high-quality preschool and after-school
opportunities, particularly for children from the least affluent families.

3. Stimulate and support state and local standards-based reform strategies
to improve the quality of schools for all students.

For each of the objectives, substantial progress has been made by the
Administration, Congress, and the states, though there continues to be consid-
erabledistance between current conditionsand the fulfillment of these ambitious
goals. For thefirst objective, sustained economic growth throughout the middle
and late 1990s created over 10 million new jobs, and the unemployment rate
has dropped to record lows. In addition, the Earned Income Tax Credit (EITC)
provided millions of low-income families with children additional income to
lift them above the official poverty level; and the Children’s Health Insurance
Plan (CHIP) makes it possible for every child in alow-income family to have
adequate health care.

The second objective has seen the development of education standards
for the Head Start curriculum and the expansion of Head Start enrollment,
which has brought 72,000 children into the program since the reauthorization
in 1994.2 |n addition, the Administration has dramatically expanded the 21
Century After-School Program, from a $1 million program in FY 1996 to a
$450 million program in FY 2000 that will serve well over half a million stu-
dents during the school year 1999-2000. Both of these programs are targeted
to provide services to low-income students who would not otherwise have ei-
ther preschool or after-school educational opportunities.

Finally, the nation’s standards-based reform movement is based on the
principle of establishing coherent and fair policies at the state and local levels
to improve student learning (Smith and O’ Day 1991b). Standards-based re-

8 See www?2.acf.dhhs.gov/programs/hsb.
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form has taken on a life of its own and is now the dominant reform in most
states—it has become a national idea. There are four fundamental elements of
this reform:

1. Establish challenging state content and performance standards for all
students.

2. Align all parts of the education system to assist al studentsto learn the
content, skills, and strategies set out in the state standards. The
curriculum, teacher training, technical assistance, and assessments
should all be based on the state content and performance standards.

3. Provideloca school districts and school swith sufficient fiscal resources
and at the same time grant sufficient flexibility, autonomy, and
responsibility to the districtsto usetheir resourcesto maximize students
opportunities to achieve to the standards.

4. Develop and implement accountability systems that use student
performance measures to demonstrate to the public that schools and
districtsare meeting their obligationsto teach all studentsto challenging
content standards.

This reform strategy has shaped federal and state education policies
throughout the decade. At the federal level, Goals 2000, a separate program
proposed by the Clinton Administration and passed in 1994, provides support
to states to develop and implement standards-based reforms. The core federal
programs in education (including Title I, the program for supplemental ser-
vices for low-achieving students) were reauthorized and modified to support
the state reforms. Beginning in 1994, Title | legislation required that all stu-
dentseligiblefor Title| services betaught to the same challenging state standards
asall other childreninthe state—thisrequirement focuses specifically on closing
the gap. This standards-based reform strategy has provided afocus for a vari-
ety of other supportive interventions, including the use of technology in the
schools, the professional development of teachers, and even the stimulation of
charter schools.®

In 1993, few states had any type of coherent content standards. In 1998,
44 states had content standardsin at | east three subjects (Education \Week 1998).

9 Secretary of Education Richard Riley, in his State of American Education Address
(February 22, 2000), stated the number of charter schools as about 1,700. See

www.ed.gov.
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Most states have their assessments aligned with these content standards (Edu-
cation Week 1998). In most districts, the curriculum and the textbooks are
examined and selected based upon their alignment to the state standards. A
substantial number of states are also establishing programs of teacher training
and teacher professional development designed to prepare teachersto teach to
these new content and performance standards. Though it may take several years
to achieve full implementation in many states, | believe that the cumulative
force of such coherent strategies and policiesin so many statesis already hav-
ing positive effects on student achievement.

New Assessment Data from NAEP:
Three Policy Perspectives

To help explore this belief, | want to introduce a new set of NAEP data
into the conversation—datafrom the “main” NAEP. The NAEP trend datapre-
sented in the previous sections of this paper came from a supplemental
assessment that has been administered since 1971 strictly for the purpose of
maintaining longitudinal trends. This NAEP trend assessment has undergone
few changes in format or content since 1971. As a consequence it does not
measure some of the concepts, knowledge, and skills that have been intro-
duced into the curriculum in more recent years.

Another NAEP assessment—called the main NAEP—serves now as the
primary measure of the achievement of the nation’s students. Since 1990, the
main NAEP has measured awider range of skillsand knowledge with abroader
repertoire of item types than the trend NAEP. The 1990 version is adminis-
tered on aregular schedule at the national level and also on a voluntary basis
by many states. The main NAEP data show promising signs of the effective-
ness of the state standards-based reform movement. Three views of datafrom
the main NAEP areillustrated in tables 4, 5, and 6 below.

Reading Achievement

Table 4 sets out national results for reading at three grade levels (fourth,
eighth, and twelfth) for whites, African Americans, and Hispanic Americans.
Reading scores were collected in each of three years: 1992, 1994, and 1998.
During the period 1992-1994 the effects are generally negative; with one ex-
ception the scores dropped over those years, and the losses were greater for
African Americans and Hispanic Americans than for whites.
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However, from 1994 to 1998 the reading scores for all groups increased;
and the increases were dlightly larger for African Americans and Hispanic
Americansthan for whites. Why isthere achange in direction of these scores?
Onehypothesisisthat the 1994 test administration isan anomaly—that it some-
how represents amismeasurement—and that we should therefore overlook the
results and simply note the difference between the 1992 and the 1998 results.
For grades fourth and eighth, this comparison reveals some slight increases
over the 6 years, except for fourth grade Hispanic Americans; and for grade
12, slight decreases.

There is a second possibility. Since Goals 2000 did not pass until 1994
and many states did not begin their reforms until then, one could argue that
1994 is a better baseline year than 1992 for estimating the effects of the new
state reforms. The gainsfrom 1994 to 1998 arelargefor all groupsat all grades,
suggesting that the reforms may be having apositive effect. Whatever the case,
the scores are now moving in the right direction. Note, however, that there is
no evidence of the black-white gap’s closing.

Mathematics Achievement

The overall pictureismore optimistic for mathematics, asseenintableb.
These data show strong gains in achievement for all but one of the compari-
sons from 1990 to 1992 and from 1992 to 1996. Unfortunately, we do not have
1994 or 1998 data for mathematics achievement. Thusthereisno true baseline
data point to measure the effects of the reforms. Overall, from 1990 to 1996,
the gains are more than 1.0 grade levels for all but three of the nine compari-
sonsin table 5; for those three, they are between 0.5 and 1.0 grade levels. The
effects here are difficult to attribute to standards-based reform because of the
lack of agood baseline, but they are consistent with the possibility of apositive
effect from the reforms.

Thus, the picturefor the main NAEP datafor the 1990s indicates a poten-
tially positive effect of the state standards-based reforms on both reading and
mathematics achievement. These data by no means present an ironclad argu-
ment, but they are suggestive. Again, thereisno sign of areduction in the gap.

State Trends

A second perspective viewsthe resultsfrom the state NAEP as additional
support for the argument concerning the effectiveness of the reforms. David
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Table 4. Reading Achievement: NAEP National Data by Year, Grade,
and Racial-Ethnic Group

1992 1994 1998 Difference in Scale Scores

1994-1992 1998-1994

4" Grade
White 225 224 227 -1 +3
African American 193 187 194 -6 +7
Hispanic 201 191 196 -10 +5
8" Grade
White 267 268 272 +1 +4
African American 238 237 243 -1 +6
Hispanic 241 240 244 -1 +4
12" Grade
White 298 294 298 -4 +4
African American 273 265 270 -8 +5
Hispanic 278 270 275 -8 +5

NOTE: Includes both private and public school students.

SOURCE: National Center for Education Statistics, National Assessment of Educational
Progress (NAEP), 1992, 1994, and 1998 Reading Assessments.

Table 5. Mathematics Achievement: NAEP National Data by Year, Grade,
and Racial-Ethnic Group

1990 1992 1996 Difference in Scale Scores
1992-1990 1996-1992

4" Grade
White 220 228 232 +8 +4
African American 189 193 200 +4 +7
Hispanic 198 202 206 +4 +4
8" Grade
White 270 278 282 +8 +4
African American 238 238 243 0 +5
Hispanic 244 247 251 +3 +4
12" Grade
White 301 306 311 +5 +5
African American 268 276 280 +8 +4
Hispanic 276 284 287 +8 +3

NOTE: Includes both private and public school students.

SOURCE: National Center for Education Statistics, National Assessment of Educational
Progress (NAEP), 1990, 1992, and 1996 Math Assessments.
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Grissmer of RAND was asked by the National Goals Panel to look behind the
results of state NAEP and to try to explain why North Carolina and Texas
performed better compared to other states during the 1990s (Grissmer and
Flanagan 1998). Grissmer and his colleague, Ann Flanagan, found, among other
things, that both North Carolinaand Texas have implemented standards-based
reformsin several subject areas over the last few years. These states maintain
consistent policiesthat emphasizerelatively challenging standards, require cur-
riculum-aligned tests, provide for accountability at the school level, offer
extensive teacher training, and focus special efforts on low-scoring students.
In addition to the focus on teaching and learning, Grissmer and Flanagan found
that the financial support and committed involvement of the business commu-
nity and the sustained focus on education in government, despite partisan shifts
inthe political leadership, were also positive influences on the eff ectiveness of
the reforms.

To illustrate the effects of such coherent policies, table 6 presents state
NAEP data on fourth graders from the 1992 and 1996 mathematics assess-
ments at two achievement performance levels, making possible comparisons
between state-level and nationwide data. Nationwide, the percentage of white
students who scored at or above the Basic (the first level) performance level
increased from 69 percent in 1992 to 74 percent in 1996. For blacks nation-
wide, the percentage of students scoring at or above Basic increased from 22
percent in 1992 to 32 percent in 1996. For Hispanic American students nation-
wide, theincrease in students scoring at or above Basic wasfrom 33 percentin
1992 to 40 percent in 1996. In other words, each group improved; and, on this
measure, minority fourth graders across the country may be once again begin-
ning to close the achievement gap, though thereis still along way to go.

Table 6 shows clearly the difference between the results in Texas and
North Carolina compared to the national results and aso to student perfor-
mancein three other statesthat serve asrough benchmarks—California, Florida,
and New York. In Texas, which has focused intense efforts on improving per-
formancein low-scoring schools, white fourth graders scoring at or above Basic
moved up from 72 percent in 1992 to 85 percent in 1996. For blacks, the in-
crease at or above Basic was from 29 percent to 47 percent. For Hispanic
American students, the percentage increase was from 43 percent to 55 percent.
The data for North Carolinareveal similar increases for both black and white
students. For whites, the percentage achieving at or above the Basic level went
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Table 6. 1992 and 1996 Mathematics National Assessment, Percentage
of Students at At Or Above Basic Achievement Level by Race-Ethnicity,
Grade 4 Public School Students

White Black Hispanic
1992 1996 1992 1996 1992 1996
Texas 72 85 29 47 43 55
North Carolina 65 77 24 37 35 43
California 61 63 21 18 27 29
Florida 66 70 22 26 27 29
New York 71 80 31 37 33 40
Nation 69 74 22 32 33 40

SOURCE: These scores are from the main NAEP assessments, not from long-term NAEP
trend assessments.

from 65in 1992 to 77 in 1996; for blacks, the percent scoring at or above Basic
increased from 24 in 1992 to 37 in 1996.

In contrast to North Carolina and Texas, California had a comparatively
incoherent and weak strategy for school reform during the early and middle
years of the 1990s, and the numbersin table 6 seem to track that incoherence.
For white students, the percentage achieving at or above the Basic level in
California barely moved upward from 61 in 1992 to 63 in 1996. For black
students, the percentage dropped from 21 to 18, and for Hispanic students, the
percentage moved up asmall amount, from 27 to 29. A comparison of the data
between California and Texas (which is somewhat similar to Californiain the
size and diversity of its student population) underscores the fact that, for one
reason or another, some states did well in their efforts to improve student out-
comes, while others did not.

State Reform Rankings and State NAEP Data

A third and admittedly speculative perspective on examining the effects
of the reforms uses the state NAEP data for reading for 1994 and 1998. The
trade newspaper, Education Week, published an analysis of the progress of the
various states on standards-based reform as a stand-alone insert to its publica-
tion (Education Week 1998). As part of itsanalysis, Education Week ranked the
quality of the state reforms according to a number of criteriathat represented
whether they had achieved certain components of the reform up to that time.
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| hypothesized that, if the rankings were valid and the reforms were hav-
ing an effect on achievement, then the ranking of the reforms should correlate
with the gains that the states made on NAEP. | used fourth grade reading gains
by state over the period 1994-1998. Because only 33 states had administered
the state NAEP in both 1994 and 1998, the sample was somewhat constrained.
Nonetheless, after controlling for differences in state per pupil expenditures,
the partial correlation between the rankings and the gain scores was +0.43;
after controlling for state poverty levels, the partial correlation was +0.46. In
each case the partial correlation was statistically significant at the .05 level on
aone-tailed test of significance.

Final Remarks: Research Priorities and
Methodological Issues

A major purpose of this conference isto examine methodol ogical issues
and their inter-relationship with the capability of education research to under-
stand the perplexing questions regarding the test score gap. The importance of
theseissuesisintensified because the dynamics of schooling, and possibly the
causes of the achievement gap, are changing. The extraordinary developments
in information technology, a new and demanding market economy, the con-
centration of sustained poverty among a large percentage of families with
children (particularly African American and Hispanic American families), and
a wide variety of immigrants speaking many different languages are trans-
forming both our expectations and our requirements for schooling.

In this context, | would like to explore themes in two areas. The first
theme is the use of experiments to provide more reliable and valid research
information about how to help close the achievement gap. The second areahas
to do with measurement concerns that emerge in thinking about the achieve-
ment gap, such as how we measure performance against a standard. Making
progress in each of these areas isimportant to creating a strong foundation of
evidence upon which solid policy can be built.

The Use of Experiments

Two general points areimportant when eval uating research. First, agood
model grounded in theory should facilitate explanations of results, and care-
fully designed measures should provide clear understanding of the datain any
study. The second point isthat every methodol ogy has weaknesses and strengths



Assessment Trends in a Contemporary Policy Context 273

and that, further, it isimportant to understand these weaknesses and strengths
in order to select either a single methodology or a combination of different
methodol ogies to examine the research question. The use of true experiments
should be a significant part of the repertoire of federal evaluation programs.
Random assignment and deliberate intervention, taken together, provide ause-
ful tool to test hypotheses and estimate effects, whether a theory is strong or
weak. When they are appropriate, and if carefully designed and implemented,
controlled field experiments can often demonstrate powerful and persuasive
evidence.

The potential strength and authority of experimental field trials has been
demonstrated by two sets of studies. The first is the set of Tennessee STAR
(Student Teacher Achievement Ratio) studies (Finn and Achilles 1999; Word,
Johnston, and Bain 1990). The Tennessee class size reduction study in the
early grades, initiated over a decade ago, yielded findings that have had an
enormous impact on policy debates across the nation. In addition to recent
federal legislation (that funds the hiring of additional teachers), several states
and local districts are moving toward smaller classes, particularly in the early
grades. Nearly all of these legidlative initiatives are motivated, at least in part,
by the findings of the Tennessee experiments. The fact that this study included
randomization of studentsto classes of different sizes contributed greatly toits
influence on policy discussions. Its acceptance was also enhanced by the large
number of schoolsinvolved in the experiment and by the commonsense nature
of thetreatment (small classsizein the early gradesto improve student achieve-
ment). Further, the reputation and importance of the STAR study were enhanced
by follow-up studiesthat showed that theinitial positive results were sustained
in the middle and high school years (Nye et al. 1994).

Another example of the use of experimental methodology can be found
in the series of studies on early reading acquisition conducted by the Na-
tional Institute of Child Health and Human Development (NICHD) under
the direction of Reid Lyon (Moats and Lyon 1997; Snow, Burns, and Griffin
1998). These studies consisted of interlocking experiments, conducted over
a 10-year period, that examined a set of theoretical hypotheses related to
word recognition and reading in young children. The experiments were de-
veloped in such a manner that the findings from one study were linked to
related hypothesesin other studies. Just aswith the STAR study, the fact that
the studies were experiments added to their credibility with Congress. The
reputation of the NICHD as a more “scientific” agency, rightly or wrongly,
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was another factor in the credibility accorded this work. Credibility is often
a necessary first step, but it is not enough to ensure that the findings are
utilized. The NICHD researchers buttressed their credibility with a
commonsense approach and detailed descriptions of their findings in a co-
herent and compelling fashion. Their story is about how their related set of
experiments provided quality insights that can improve the chances of many
young children to learn to read. These two examples demonstrate both the
feasibility of field experiments and their potential influence in the
policymaking process.

As we consider a research agenda for OERI and NCES in the future,
several straightforward recommendations from this research seminar for ex-
perimental studies could be productive in the clarification of programmatic
interventions that can narrow the achievement gap. For example, in the area of
promoting better quality in the preparation of students for school, one possi-
bility would be to conduct experiments that address different approaches for
training parents to use new understandings of the development of cognitive
processesto help their own children. Within schools, the NICHD studies could
be extended to cover large and more diverse settings to determine the strength
of the reading interventions in less controlled environments. Along the same
line, athoughtful set of experimentsthat exploretheimplications of the NICHD
research for Limited English Proficient (LEP) children could be important. In
an emerging area, literally dozens of potentialy powerful field experiments
need to be conducted on some of the promising new ways of using technology
in classrooms and for distance learning. In this arena, we will need to learn
how to carry out experimentsin the*“real time” necessitated by the rapid changes
in the nature of technology. Finally we need experimental data on the effects
on students of summer school and after-school programs. Early experimentsin
the 1970s found few effects for summer schools—these questions need to be
revisited as summer schools become more and more a method of expanding
students' opportunitiesto learn.

Methodological Issues in the Measurement of the Gap

Finally, let me suggest two important methodological issues in the mea-
surement of the gap in performance between white and minority students. First,
OERI and NCES need to develop a research agenda aimed at understanding
what the two types of NAEP assessments (trend and main) actually measure.
In other words, current efforts to assess student achievement would benefit



Assessment Trends in a Contemporary Policy Context 275

from carefully conducted construct validity studies. The data from the two
assessments reveal quite different results during the 1990s—it would be nice
to know why.

Second, at the present time, various states are struggling toward a set of
more sophisticated assessments. These assessments should be aligned with
state content standardsthat set out the skills and knowledge that students should
know and be able to do. Also, the assessments should be designed with perfor-
mance standards or levels that indicate how well a student has learned the
skills and knowledge. For example, where a content standard might specify
that a student should be able to write a short persuasive essay, performance
standards would provide away of measuring the quality of the persuasive es-
say. If donewell, performance standards would not be established by selecting
cut scores on norm-referenced assessments as the NAEP achievement levels
are now defined. As assessments improve, performance standards should be-
come real in some sense. For example, reading at or above the Basic level
could be validated to show that a student can read and comprehend a well-
defined set of books and passages. Similarly, more demanding performance
items could define and assess other more challenging levels beyond Basic.

Well-constructed content and performance standards would be the prod-
ucts of the intersection of reasonable theories of the content area, human
development, human learning, and pedagogy. Growth through performance
levels might be discontinuous rather than smooth. For example, achieving a
Basic level of reading in the fourth grade may require effective word attack
skills, while achieving ahigher level may require mastery of strategies of com-
prehension. That is, adifferent dimension of mastery may berequiredto achieve
a higher level, one involving a qualitatively different set of skills and knowl-
edge. This would have substantial implications for the curriculum, as well as
for theinterpretation of group differences. In these circumstances, the achieve-
ment gap would no longer be measured by a scale score difference, but by
differences in the percentages of students achieving to the different perfor-
mancelevels. Measurement of the gap becomes more complicated conceptually
and methodologically because there are multiple comparisons related to the
different performancelevels. The problemsare aready apparent when thetrends
from the new NAEP assessments and the results of some state assessments are
interpreted.
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Until we have content and performance standards established on the ba-
sis of reasonable theory, we will continue to have political and educational
problems with how to set them. A current political issue has to do with how
challenging is “challenging,” or how do we determine where to set perfor-
mance levels so that they positively rather than negatively motivate students
and educators to succeed? A goal considered impossibleto attain by students,
teachers, and parents may undermine the credibility of the reforms. Moreover,
the size of the achievement gap, as measured using a performance level, may
be determined in part by how high the bar is set, that is, by the degree of
difficulty of the performance standard. A bar or performance standard that is
set relatively low will have higher percentages of students passing and, there-
fore, will typically result in a smaller gap between groups that have different
levels of command of the tested content and skills. Conversely, a bar set very
high may make it practically impossible to have high percentages of students
pass and may exaggerate the magnitude of differences among groups. Thisis
not an academic issue. In the past the tendency has been to lower the bar to
minimize failure. This approach, however, fails to meet the purpose of the
reforms to challenge al students to meet rigorous standards. But, now, there
also areanumber of key states, including New York and Massachusetts, where
thoughtful analysts believe that the bar hasinitialy been set too high, and this
policy may jeopardize support for the reforms.

Conclusion

Educational excellence and educational equality—again | emphasize that
these are the nation’s co-equal guiding goals. These are the overarching ideals
that researchers and policymakers must continuously keep in mind in their
consideration of such important issues aswhich interventions most effectively
enhance student learning, which state systemic structures support achievement
in a cost-effective manner, and which collaborations and partnerships can
achieve strong public and parental support, while advancing overall improve-
ment in schools in the long term. My hope is that, in the deliberations of this
seminar, we will find that we have begun to chart a course of recommended
research directions and policy alternatives that will, both sooner and later, as-
sist us in solving the remaining challenges, increase our commitment to the
goals, and eventually help in the attainment of those national ideals.
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Educational Research and Educational
Policy: An Historical Perspective
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When | began doing quantitative research on education in the mid-1960s,
most of what socia scientists thought they knew about the effects of educa-
tional policies was based on experiments. There were not many experiments,
and they did not all reach consistent conclusions, but they were about all we
had to go on.! School administrators and teachers paid thisresearch very little
heed. When they thought about the effects of different educational policies,
they based their judgments on personal experience. Educators who had spent
yearsin the schools mostly had strong views about what worked and what did
not. Of course, educators often disagreed with one another about what lessons
experience taught, but these disagreements seldom led to self-doubt. Nor did
educators who disagreed seek to resolve their disagreements by reading edu-
cational research.

Although educators seldom sought researchers’ advice, researchers con-
tinued to offer it. They ran small experiments that tried to assess the accuracy
of educators' beliefs about such matters as class size, ability grouping, and the
best way to teach reading. More often than not, researchers interpreted their
findings as showing that educators' beliefs were wrong. As a result, educa-
tional researchers tended to feel superior to those who staffed the schools.

The 1960s: Misinterpreting Insignificant Coefficients

Although educational researchers often felt superior, educators seldom
felt inferior. Faced with a study showing, let us say, that children’s spelling

1 The opinions expressed in this paper are those of the author. Address any comments to
Professor Christopher Jencks, John F. Kennedy School of Government, Malcolm Wiener
Center for Social Policy, Harvard University, 79 John F. Kennedy Street, Cambridge, MA
02138.
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skills did not improve over the long run if teachers handed out alist of words
every Monday and gave a spelling test every Friday, most educators simply
dismissed the findings asimplausible. Likewise, when studies seemed to show
that children learned no morein small classesthan in large classes, few educa-
tors considered the possibility that the studies might be right. In most cases
educators did not even bother to dismiss such results as implausible. They
simply ignored educational research entirely. Legislators did the same thing.

Educators' indifference to research results convinced many researchers
that the people who staffed the nation’s schools were unscientific traditional -
ists, unwilling to consider the possibility that their prejudiceswereill founded.
In retrospect, however, the educators’ indifference to educational research seems
largely justified.

Then as now, educational experimentstypically assessed policiesby com-
paring outcomes for students who had had different educational experiences.
Sometimes these comparisons involved small experiments in which students
wererandomly assigned to different treatments. Sometimesthey involved “ natu-
ral experiments,” in which students had different educational experiences
because school boards, principals, or teachersfollowed different practices. Since
there were no national or statewide testing programs that allowed researchers
to link students’ achievement to past experiences, most of these comparisons
were based on small samples. As aresult, the sampling errors of the estimates
were usually quite large, and the difference between those who had had differ-
ent experienceswas often lessthan twice its sampling error. Researchers almost
always interpreted this finding as supporting the “null hypothesis,” namely
that the experience in question made no difference.

With the wisdom of hindsight, this interpretation of insignificant coeffi-
cients looks foolish (though it is still disturbingly common). Every first-year
statistics student learns that data analysts can make two different sorts of er-
rors. “Type One” errors occur when the analyst accepts a false hypothesis as
true. “Type Two” errors occur when the analyst rejects a true hypothesis as
false. Social scientists havetraditionally been far more concerned about avoid-
ing Type Onethan Type Two errors. This bias makes sensewhen socia scientists
are testing their own theories. It may aso make sense when social scientists
are testing theories of interest only to other social scientists, since most such
theories are too simple to be useful and reducing intellectual clutter is always
ahigh priority in science.
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In the policy arena, however, most data analysts are testing hypotheses
that are widely accepted in thereal world, not hypothesesthat come from some
theorist’sfevered imagination. Thisreality meansthat when samples are small
and measurement imprecise, policy researchers who emphasize significance
tests are far more likely to reject a true hypothesis than to accept a false hy-
pothesis. If practitioners were to take such researchers’ conclusions seriously,
they would often be led badly astray.

With the wisdom born of hindsight, one can see that policy researchers
had several better alternatives. Bayesian theory suggests, for example, that re-
searchersshould start out by formulating “priors’ that describetheir best guesses
about how the world works. As they accumulate additional evidence, either
from experiments or other sources, they should update their priorsto incorpo-
rate this new information. Had educational researcherstried to proceed in this
fashion, their priorsabout policy questionswould presumably have been shaped
by two considerations, as follows:

1. If most educators think that a policy enhances student achievement,
and if thereis no other evidence about the policy’simpact, areasonable
person should assumethat practitioners are somewhat more likely to be
right than wrong.

2. If an educational policy had very large effects, thiswould be obviousto
everyone, and we would not be doing research on the policy’s impact.
Thus, if we are doing research on apolicy’s effect, the effect isnot only
likely to be positive, but also likely to be relatively modest.

If researchers had reasoned in thisway, they would hardly ever have started
out with the null hypothesis—the theory that a popular policy has no effect
whatever. Thus, when they generated new data showing that a policy’simpact
was quite uncertain, they would not have raised the possibility that the policy
had no effect. Instead, they would have concentrated on estimating the actual
size of the effect.

For educational researchers who had no prior expectations about how
large an impact a policy was likely to have, traditional statistical methods of-
fered another attractive option. Researchers could just have reported the odds
that apolicy had a positive rather than anegative effect. Suppose, for example,
that an investigator had randomly assigned first graders to one of two reading
classes: aclassof 15 and aclass of 25. Suppose, too, that at the end of the year
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the children in the smaller class scored 0.3 standard deviations higher on the
investigator’s reading test than the children in thelarger class, but the sampling
error of thisdifference was also 0.3 standard deviations. The 95 percent confi-
dence interval for the effect of being in a reading class of 15 rather than 25
therefore runs from —0.3 standard deviations to +0.9 standard deviations.

The most frequent interpretation of such a result is that since the confi-
denceinterval includes 0, we cannot reject the hypothesisthat class size hasno
effect on reading achievement. A more plausible conclusion, | would argue, is
that since five-sixths of valuesin the confidence interval are positive, the odds
are5to 1 that small classes raise reading achievement rather than lowering it.
If researchers have strong priors, of course, the odds that small classes raise
reading achievement are even higher. The odds that class size has an impact of
exactly O are, in contrast, vanishingly small.

Thirty years ago, however, researchers aimost always emphasized statis-
tical significance when formulating their conclusions. Even today, educational
researchers who get statistically insignificant coefficients are more likely to
suggest that the variable in question has no effect than to conclude that their
sample was too small to justify any firm conclusions. Under these circum-
stances, | think that educators’ skepticism about educational research waslargely
justified. Unfortunately, educators seldom had enough statistical expertise to
explain their skepticism in atechnically compelling way. So they just ignored
educational research or dismissed it asirrelevant to classroom practice.

The Coleman Report

Educators' refusal to take educational research seriously faced its first
important challenge in 1966, when the U.S. Office of Education released a
report by James Coleman et al. analyzing the determinants of student achieve-
ment in some 4,000 school s throughout the country. Coleman and his colleagues
found awesak relationship between many popular educational policiesand stu-
dent achievement, which was nothing new. But Coleman’sreport differed from
earlier studiesin several crucial respects. First, Coleman was a distinguished
sociologist, whom the Office of Education had selected to carry out aCongres-
sionally mandated study. Second, his analyses covered far more schools and
studentsthan any earlier study, so the results could not be dismissed asafluke.
Third, Coleman’s work appeared at a time when the federal government was
beginning to play an expanded role in educational agenda-setting and when
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policymakers were more attentive to the findings of social science than they
had been in earlier periods. Fourth, when other socia scientists reanalyzed
Coleman’s data, as many did over the ensuing years, they often faulted his
methods, but usually came to broadly similar substantive conclusions.?

If educational researchers had been committed Bayesians, they might
once again have said: “Well, the estimated effects of educators' preferred
policies may be statistically insignificant, but the standard errors of the esti-
mates are so large that we should not draw any strong policy conclusions
from them.” But we did not say that. | myself oncetried to go down that road,
and it was a dead end.

My first paper on the relationship between school policy and student
achievement was a reanalysis of the Coleman data (Jencks 1971). In it, | re-
ported the confidence interval for each estimated effect. Asfar as| know, nobody
read this paper except the editors of the volumein which it appeared. Certainly
no educational researcher concluded that thiswas agood way to present statis-
tical findings. Nobody wants to read a paper reporting that many different
policies could have fairly sizable positive effects, no effect, or amodest nega
tive effect. Papers claiming that popular policies have “insignificant” effects
may be politically unwelcome, but editors still prefer the message “nothing
works” to the message “everything is uncertain.”

By the early 1970s, most social scientists had concluded that if America's
goal was to raise student achievement, the policies that most educators fa-
vored—smaller classes, better equipment, higher salaries, more extensive
teacher training—would not do much good. The bottom line seemed to be that
“money doesn’'t matter.” Yet, despite the accumulation of evidence that seemed
to point in this direction, neither parents nor educators believed the message.
Educators kept asking for more money, legislators kept giving it to them, and
the voters mostly went along.

Eventually, educational researcherstired of delivering amessage that no-
body wanted to hear. Some (including me) turned to other topics. Graduate
studentsin education turned away from quantitative research and began doing
gualitative studies, which reduced the risk of finding evidence at odds with

2 See, for example, the assessments in Mosteller and Moynihan (1971).
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their prior beliefs about the world. Quantitative educational research did not
disappear, but it was marginalized in most schools of education.

The Impact of Meta-analysis

Quantitative educational researchers took along time to dig themselves
out of this hole. The first step was the invention of meta-analysis, which al-
lowed quantitative researchersto pool results from many different studiesin a
statistically efficient way. When analysts did this, their view of the world
changed drastically. Instead of seeing a world in which most studies yielded
“statistically insignificant” coefficients, they saw aworld in which most small
studies yielded coefficients with the expected sign and in which the average
coefficient was large enough to be educationally important.

Gene Glass and his colleagues (1982) showed, for example, that when
they pooled results from all the available studies of class size, smaller classes
were associated with quite large gains in achievement. This was true despite
the fact that most of the original studies had reported an “insignificant” rela-
tionship between class size and achievement. Once Glass and his colleagues
pooled the data, moreover, the relationship was clearly “significant,” in the
sense that the confidenceinterval did not include O. The trouble with the origi-
nal studies was that they had been too small to provide reliable information
about the size of the effect. Meta-analysis of studies assessing the impact of
school desegregation told a similar story, at least for elementary school read-
ing achievement (Cook et al. 1984). So did meta-analysis of studies assessing
the impact of most other educational policies (Lipsey and Wilson 1993).

Thesewereall classic cases of Type Two error, where earlier analystshad
mistakenly rejected the hypothesis that policies had a positive effect. Students
had, of course, learned about Type Two errors for generations. But it was not
until the advent of meta-analysis that we began to appreciate both the likeli-
hood and the potential costs of such errors.

Indeed, among some quantitative researchers, meta-analysisled to adra-
matic paradigm shift. Instead of assuming that “ nothing works,” they now began
to assume that “ everything works.” But that too was an oversimplification, for
several reasons.

Meta-analysisisfeasible only when apolicy hasbeen studied many times.
Thus, the policy has to remain sufficiently popular over along enough period
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to generate numerous studies of its effectiveness. Following Bayesian logic,
we would expect policies that have been studied dozens of times to be some-
what more effective than those that have only been studied afew times.

Meta-analysis also highlighted a serious shortcoming of most past edu-
cational research. Even when meta-analysts found dozens of studies assessing
aparticular policy, they seldom found more than ahandful of studiesthat mea-
sured the policy’s long-term impact. When researchers had done long-term
follow-ups, moreover, thelong-term impact almost always|ooked smaller than
the short-term impact. Among skeptics, therefore, theideathat “ nothing works”
was gradually replaced by the ideathat “everything worksin the short run, but
benefits usually fade away in the long run.”

Theideathat achievement gains fade over time may, however, be another
artifact of social scientists' statistical conventions. Ever since the invention of
|Q tests early in the 20" century, psychometricians have tended to standardize
test results. Initially, their goal was to ensure that |Q tests had the same mean
and standard deviation at all ages. Standardizing test scores aso made it much
easier to compare results derived from different tests. But age standardization
also abscuresacrucial fact about children’s cognitive skills, which isthat their
varianceincreases with age. If you ask 4-year-oldsto do 10 two-digit multipli-
cation problems, their scores are likely to be very similar, because none of the
children will be able to do any of the problems. If you ask 14-year-olds to do
the same problems, some will get them all right, while others will still get
amost al of them wrong. The same logic applies to vocabulary words. The
vocabulary of 14-year-olds is more variable than the vocabulary of 4-year-
olds.

While this fanning out of academic achievement as children age is well
known, meta-analysts usually ignore it. If meta-analysts want to describe the
effect of preschool programs at age 4, they will report that those who attended
a preschool scored, let us say, 0.30 standard deviations above those who did
not attend. If they want to describe the effect five years later, they will report
that the gap has shrunk from 0.30 standard deviations to, say, 0.15 standard
deviations. They hardly ever ask whether a disparity of 0.15 standard devia-
tionsat age 9islarger or smaller than adisparity of 0.30 standard deviations at

age 4.
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Meta-analysis has other limitations that curtail its usefulness to
policymakers. First, meta-analysts cannot compensate for measurement errors
in the studies they pool unless the magnitude of these errors is known. This
fact tendsto bias estimates of policy impact downward. Second, meta-analysts
cannot compensate for the fact that researchers seldom do true experiments, in
which randomly selected students are assigned to “treatment” and “control”
groups. So-called “natural” experiments, in which students or their parents
have a choice about the education they receive, tend to exaggerate the impact
of educational policy per se.

Most of the data available to ameta-analyst comesfrom surveysinwhich
an analyst had identified students affected by some policy of interest, con-
trolled some of the factors correlated with the presence of this policy, and
treated any remaining association between the policy and student outcomes as
causal. Since analysts can seldom measure al the factors that lead students to
have different educational experiences, studies of thiskind are likely to suffer
fromwhat we once called “ omitted variablebias’ and now call “ selection bias”

Although thereisno certain way of eliminating selection bias, better data
can often help alot. The struggle to make quantitative educational research
useful to policymakersis critically dependent on these improvements. Fortu-
nately, funders have recognized this. More and more educational surveys now
track students over substantial periods of time, measuring both treatments and
outcomes on numerous occasions. This strategy provides better estimates of
measurement error. It also alows analysts to adjust for the effects of stable
unmeasured differences between students. As a result, researchers have been
able to generate results that are far more persuasive than those derived a gen-
eration ago from the Coleman data or other cross-sectional surveys.

Recent results from analyses of this kind also fit practitioners expecta-
tions better than earlier results did. If this trend continues, researchers may
find themselves concluding that conventional wisdom among educators was
not as misguided as earlier researchers thought. If researchers can then move
ontoidentifying the most effective strategies for improving achievement, quan-
titative research may eventually prove quite useful.

The Need for Experiments

Despiteall theimprovementsin survey dataand analytic methods, how-
ever, there is still one huge problem. Educational researchers used to do
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experimentsin which studentswere randomly assigned to treatment and con-
trol groups. Today, that isextremely rare. To see why the dearth of experiments
poses a problem, consider the debate over ability grouping in elementary
schools. Thisisan intensely controversial issue, especially inracially mixed
schools. Yet much of the controversy is about facts that would be easy to
ascertain using conventional experimental methods. Suppose we ask the fol-
lowing two questions:

1. Do children who have learned little in the past learn more when they
are al assigned to heterogeneous classrooms or when classrooms are
segregated on the basis of past academic performance?

2. If students who have learned little in the past are assigned to
heterogeneous classrooms, do they learn more when the teacher groups
them by skill level or when the teacher treats the entire class as a
homogenous group?

If studentswere randomly assigned to different grouping schemes, it would
be fairly simple to see which of these schemes was best for which students.
But while experiments of thiskind are technically feasible, they are no longer
done. When Mosteller, Light, and Sachs (1996) surveyed ability grouping ex-
periments done in elementary schools, they found only one study published
after 1980. In politics, data that are more than 20 years old carry little weight.

Nor isit clear that such data should carry much weight. Mosteller, Light,
and Sachs also found only one experiment that dealt with within-classroom
grouping, which is more common and more flexible that between-classroom
grouping, at least at the elementary school level. They also found that existing
experiments dealt exclusively with mathematics. They found no experiments
that reported long-term effects. And while they found little evidence that as-
signing students to classrooms on the basis of past achievement affected the
amount learned when all students were taught the same thing, the question that
looms largest in today’s debates is what happens when students in “faster”
classes cover more material each week, so that they start algebra, geometry,
and cal culus sooner than they otherwise would.

In theory, it might be possible to answer questions of this kind by com-
paring school systemsthat pursue different policiesor by following the progress
of students who move from one kind of school system to another. In practice,
studies of that kind would not belikely to convince skeptics. Experienced school
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administrators, board members, and legislators know that when a researcher
reports results based on complex multivariate statistics, some other researcher
will soon come to the opposite conclusion. Complex statistical analyses re-
quire dozens of methodological choices that cannot be made by following a
generally accepted rule. In afield as politicized as education, the existence of
such choices typically guarantees that nonexperimental data will have many
possible interpretations.

Those who analyze experiments are also far more likely to agree about
what they show. A legislator or aschool board member can follow the logic of
the Tennessee class size experiment, understand how the results were evalu-
ated, and see why these results mean what researchers say they mean. Of course,
legislators do not understand exactly what happened. Nor do they understand
all the ways in which the experiment may have been contaminated. Least of
all, do they understand the limitations of the findings—that the Tennessee re-
sults tell us nothing about the benefits of small classes after third grade, for
example. But the structure of the argument is still intuitively obvious to almost
everyone.

Given these political advantages, why are randomized experiments so
rare? The proximate causeisclear: any randomized experiment disrupts school
routines, so educators will participate in one only if they think randomization
is absolutely crucial to learning something important. To convince educators
that experiments are crucial, researchers must be nearly unanimous in sup-
porting the method. Since 1970, such unanimity has vanished. Surprisingly
few educational researchers now see experiments asagood way of going about
their business. Indeed, few educational researchers have had any experience
with randomized experiments.

One reason most researchers are skeptical about experimentsis that they
seldom really care whether Policy A is better than Policy B. Most researchers
care about why Policy A is better than Policy B. It takes a whole series of
carefully crafted experiments, each of which rules out one or more alternative
explanations, to show why something happens. And even after dozens of ex-
periments, there is always the possibility that the experimenter has failed to
test a plausible aternative to his or her preferred explanation.

Experiments also have a bad reputation because of the way they were
once analyzed. The fact that experiments often seemed to show that all kinds
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of policies did not work has inevitably made educators skeptical about the
method. We now know that this pattern was partly traceable to the way we
analyzed the data and the way we thought about statistical significance. But
even today experiments are politically risky, especially when—as is often the
case—they are underfunded and therefore too small to detect small effects.

Still, the shortage of experimentsis a huge political problem for anyone
who thinks that educational policy should be based on evidence. The fact that
the Tennessee class size experiment was funded by the state of Tennessee, not
thefederal government, isindicative of Washington'sfailurein thisarea. When
the state that brought us the Scopes Trial funds research more useful than that
funded by the federal government, something isterribly wrong in Washington.

Recommendations for Future Data Collection

Although | think we ought to be putting far more resources into experi-
ments, that does not mean we should stop doing surveys. It would be asfoolish
to stop doing surveys and rely exclusively on experiments as it was to stop
doing experiments and rely exclusively on surveys, aswe did ageneration ago.
The two methods are complementary.

If we keep doing surveys, as we surely should, we need to think more
carefully than we have about what kinds of datawe should collect. Brewer and
Goldhaber’s (1998) list isagood starting point. Some people may be shocked
to hear me say this, becausetheirsisan economist’slist, and | am asociologist.
Nonetheless, | like their list.

Collecting Longitudinal Data

First, longitudinal data is definitely better than cross-sectional data. Of
course, all researchers think longitudinal data is better as long as they do not
have to pay the bill. But | am making a stronger argument, namely that longi-
tudinal data yields more knowledge per dollar than cross-sectional data.

But whilelongitudinal datais better than cross-sectional data, itisnot clear
that many years of longitudina data are better than three or four years. If we
want to address problems of measurement error and fadeout, we have to follow
students for three or four years. But if surveys keep losing 5 percent of their
casesevery year because studentstransfer from one school to another and cannot
befollowed, at |east half the samplewill be gone after 12 years. In urban systems
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where transfers are more common, attrition will be even higher. Furthermore, if
aresearcher has no findings about older students until her panel of kindergart-
ners has reached college, her funding may dry up in the meantime.

Linking Students to Teachers

Brewer and Goldhaber (1998) are also right about the potential value of
linking students to their classroom teachers. If we want to link students to
teachersin any meaningful way, however, we also have to collect datain both
the fall and the spring, as Meredith Phillips (1998b) argued in her paper for
this conference. In addition, we need to ensure that fall and spring testing brack-
etsthe school year in a satisfactory way. Testing studentsin October and April
may be convenient, but the school year is more than six months long.

Collecting More Data on Teachers

Brewer and Goldhaber (1998) are also right that collecting more data on
teachersis crucial. It is particularly important to gather evidence on the ra-
cialy charged issue of whether teachers’ test scores have abigimpact on student
achievement, as Ron Ferguson and others have argued (1998). Survey research-
ers will, of course, have great difficulty testing teachers in today’s political
environment. That means we need to explore ways of linking our surveys to
state records that include teachers’ scores on various exams (McLaughlin and
Drori 1998).

Domains That Can Be Limited

If we are going to do all this, we also need to identify domainsin which
we can afford to do less. Surveys planned by committees always have diffi-
culty deciding what to leave out. The committee almost inevitably represents
many different interest groups. Indeed, that isusually its main purpose. Such a
committee amost inevitably generatesasurvey instrument that measures many
things badly rather than measuring a few things well. As aresult, we learn a
little about alot but not much about anything.

That was probably a defensible strategy for the first few national sur-
veys. It is probably not the right strategy for the next century, at least at the
secondary level. The broad outlines of what happensin secondary school are
now fairly clear. If we are going to collect more data from high school stu-
dents, we should probably concentrate on one or two topics per survey. At
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the elementary level, which has been seriously neglected in the past, we may
still need several surveys that tell us a little about a lot before we turn to
more focused data collection.

Attitudinal Measures

If we have to cut back on certain kinds of survey items, my suggestions
would again be similar to Brewer and Goldhaber’s (1998). We have collected
many attitudinal measures from students over the past generation. | do not
think we have learned much as a result. Students' statements about whether
they plan to go to college or have a baby out of wedlock do have some predic-
tive power, which means that people’s plans are somewhat stable from one
year to the next. But that is hardly news. School-to-school differencesin stu-
dents' average responses to attitudinal questions may be a bit more useful,
since they may tell us something about school “climate.” But aggregating be-
havioral measures probably tells us far more. What we really want to know is
whether policies that seek to change attitudes have a long-term effect. Past
surveys have seldom tried to determine what schools were doing to change
attitudes.

Sampling Strategies

Another crucial issue iswhether to sample more students per classroom.
Meredith Phillips' (1998a) analysis of the Prospects data indicates that sam-
pling more students per classroom is probably sensible if the researcher wants
to study teacher effects, but not for the study of anything else. At least in Pros-
pects, studentsin the same classroom turn out to be rather similar, so drawing
a large sample drawn from a small number of classrooms yields results with
large standard errors.

The Question of Representative Samples

| also agree with the Brewer and Goldhaber (1998) that representative
sampleshave been oversold. Itiscertainly crucial to have representative samples
for some purposes, but not for all purposes. We should think more carefully
about the division of labor in data collection. We need occasiona national
surveys that gather data on large representative samples, perhaps covering a
limited number of domainsin depth. But we should be ableto do alot of causal
modeling with state and local data that are not perfectly representative of any
well-defined universe.
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The data that state testing programs now collect is of limited interest to
most researchers, because states do not gather much background information
from students or much program information from schools. But if we could
match state data on school achievement to survey data on a subset of students
in each school, the result might be ideal for researchers interested in causal
modeling. Imagine having the kind of data that Texas collects on individual
students linked to the kind of data that NELS collects. Since Texas collects
dataover astudent’s entire school career, at least aslong asthe student staysin
Texas, researchers could use such data to answer all kinds of questions they
cannot answer now.

Unresolved Problems

| want to close by posing some questions that | think we still need to
address if we are to make educational research more relevant to educational

policy.

What Can We Learn from Differences between States?

For nearly 100 years, progressive policymakers have claimed that decen-
tralized decision-making gave America an unusual opportunity to learn about
the effects of different policies. The states, we were constantly told, were the
“laboratories of democracy.” In education, however, variations in state policy
have taught us surprisingly little. We did learn one thing from the American
states' diverse educational experiences in the 20™ century, which was that de
jure racial segregation had terrible consequences. But we eliminated de jure
segregation a generation ago.

Since 1970, the 50 American states have continued to pursue 50 different
setsof policies. Asfar as| cantell, we have learned nothing from this diversity.
In part, this is because we have not collected good information about what
policies stateswere really pursuing. In part it is because we have not collected
good information about how educational outcomes differed from state to state.
Primarily, however, our failure to learn from states' experiences reflects the
fact that learning from such experiences would require detailed data linking
year-to-year changesin educational policy to changesin subsequent outcomes.
We simply do not have such information.

The papers that David Grissmer (1998) and Steve Raudenbush (1998)
presented this morning suggest that NAEP may now provide state-level out-
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come measures that can offer useful policy guidance. Grissmer certainly drew
someinteresting lessonsfrom North Carolinaand Texas. But Raudenbush found
that a handful of variables explain almost all state-to-state differencesin stu-
dent achievement. If that istrue, theselaboratories of democracy may berather
like achild's chemistry set that includes only ahandful of different chemicals.
Thisdoes not imply that educational policy isunimportant. But it doesimply
that states may be so internally heterogeneous in the policies their schools
pursue that state means on the policy variables that matter are relatively simi-
lar. Thisissue requires further exploration.

How Should We Define and Measure School Achievement?

Educatorstry to teach specific skills and information. If we want to make
research useful to educators, we have to measure the skills and information
that educatorstry to teach. We al so have to measure skills and information on
scalesthat allow usto say how much students have | earned between one period
and the next. That requirestwo major changesin theway educational researchers
go about their business.

First, we probably have to stop equating the quality of a test with its
reliability. The way to get high reliability is to choose items that are highly
correlated with one another. But in aworld with diverse schools, teachers, and
curriculums, testswith high inter-item correl ations almost always end up mea-
suring general ability, not the specific skills and information that educatorsin
particular places have tried to impart.

The other far-reaching change wewill have to makeisto stop standardiz-
ing tests to predetermined means and variances. | do not think we will ever
make much progress in measuring learning if we keep thinking about achieve-
ment in exclusively relative terms, as we mostly have for the past 100 years.

To see how misleading relative rankings can be, consider the Tennessee
class size experiment. Tennessee assigned children to either large or small
classesfrom kindergarten through the end of third grade. The children assigned
to smaller classes did better at the end of kindergarten. They preserved, but did
not widen, their advantage over the next three years. Many people have been
puzzled by the fact that smaller classes did not seem to yield any further ben-
efit after the first year of the experiment. Skeptics like Eric Hanushek (1999)
have interpreted thisfinding as evidence that only thefirst year inasmall class
yields measurable benefits. But, as Jeremy Finn pointed out in the discussion
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today, this picture reflects the fact that those who analyzed the Tennessee data
reported treatment effects at different ages as a percentage of the standard de-
viation at that age.® When one looks at unstandardized treatment effects, they
increase as time goes on.

How Can Educational Research Serve Non-policy Goals?

Uptothispoint | have discussed educational research asif itsonly legiti-
mate purposewasto improve educationa policy by helping policymakersdecide
whether small classes are worth the extra cost, whether to group students on
the basis of their past achievement, and so on. But educational research has
another function as well. It tells us something about how we are doing as a
people and as anation. It helps us compare our performance both to our ideals
and to the performance of other democratic societies. As a result, it plays a
significant role in our judgments about whether we live in a just or an unjust
society, whether opportunity is more equal in our society than in other societ-
ies, and whether things were really better a generation ago, when most of us
were growing up. These are not policy questions in any ordinary sense. But
how we answer these questions has an important impact on how wethink about
ourselves and what policies we favor or oppose.

If American students|earn less math than Japanese students, for example,
itisnot at all clear what policy implications this fact should have. But we still
want to know the fact. Similarly, when the black-white test score gap fals
dramatically, asit apparently did during the 1980s, this brute fact does not tell
us anything about why the gap fell or what policies might further reduce it in
the future.* But even when facts of thiskind have no clear policy implications,
they tell us something about what is happening to our country that we should—
and do—care about.

If | am right in claiming that one major goal of educational researchisto
tell ordinary citizens how well their country is doing in various domains, we
need to report such information in aform that most citizens can understand. |
have already argued that comprehensibility isamajor argument for preferring
randomized experiments to multivariate statistics. The need for comprehensi-

8 Comments from Jeremy Finn during the discussion period of the seminar, November 9,
1998.

4 See Grismer, Flanagan, and Williamson (1998).
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bility should also play a central role in the way we report data on states and
school districts. One example must suffice. Researchers often report mean scores
for states or school districts that have been adjusted statistically to eliminate
the effects of demographic differences between states or districts. Thiskind of
adjustment poses many statistical problems. But its most serious defect may
bethat it isvery hard to explain. Thus, wherever possible, it is probably better
to present separate means for different kinds of students: those whose parents
have had different amounts of schooling, for example, or those from different
racial and ethnic groups. Readers can then see for themselves how each group
faresin different states.

Can We Predict the Future?

If anyone had asked me in the late 1960s what educational researchers
would learn over the next 15 years, | would have predicted far more progress
than actually occurred. It is stunning how little progress we really made be-
tween the late 1960s and the early 1980s. But if anyone had repeated the
question in the early 1980s, | would again have been wrong. It would never
have occurred to me that after 15 years of spinning our wheels, we were about
to make progress at an unprecedented rate. Yet that is what happened. The
papers presented at this seminar are, | think, much better than anyone would
have predicted 15 years ago.

We should all reflect on this history and try to use it to identify the pre-
conditions for intellectual progress. Why, after an apparently promising start
in the 1960s, did we accomplish so little in the next 15 years? Why did things
go so much better over the next 15 years? | have my own hunches. Meta-
analysis forced us to rethink our approach to significance tests. NCES began
collecting better data. Econometricians pushed usto adopt more rigorous stan-
dards of proof. But these are speculations. A careful intellectual history of
guantitative educational research remains atask for the future.
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| mproving Research and Data Collection
on Student Achievement?

Brenda J. Turnbull, Policy Study Associates;
David W. Grissmer, RAND; and J. Michael Ross,
National Center for Education Statistics

This seminar brought together a diverse group of people linked by their
motivation to understand and improve student achievement. Participantsin the
seminar included researchers whose work has focused on analyzing student
achievement, policymakers instrumental in designing policies to improve stu-
dent performance, and government officials who design and manage the
collection of major data sets used by researchers and policymakers. The semi-
nar sought to lower the inevitable communication barriers existing within this
community: between researchers and policymakers, between those designing
and collecting data and those who useit; and among researchers from different
disciplines analyzing different data sets with different models and estimation
techniques. From the divergent perspectives, we sought to identify directions
for future research and data collections, and perhaps a common conceptual
framework encompassing research and data collection on achievement.

Here we summarize the recommendations made by participantsfor more
sophisticated data collection strategies, new directions for future research, and
collaborative forumsfor communication of research results. These recommen-
dations fall into two broad categories. The first category includes a variety of
smaller incremental changes focusing on improving nonexperimental results,
while the second category includes more radical departures from current di-
rectionsin federal statistical agencies. Finally, we focus on a different topic of
discussion at the seminar—communication of results—and provide some con-
cluding remarks on future directions.

1 The authors are grateful to Martin Orland, John Ralph, Joseph Conaty, and Daniel
Kasprzyk for an early discussion of the implications that could emerge from this seminar.
However, the opinions expressed herein are those of the authors; and no endorsement by
the National Center for Education Statistics, the Office of Educational Research and
Improvement, or RAND should be inferred.
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Improving Nonexperimental Research and
Data Collection

Improving longitudinal surveyswasthe focusof many recommendations.
The National Center for Education Statistics (NCES) and the Department of
Education fund several key longitudinal surveys, such asthe National Educa-
tion Longitudinal Survey (NELS:88) and the Early Childhood Longitudinal
Studies (ECLS). Since achievement tests are included in their designs, during
thelast 20 yearsthese surveys have supported a significant amount of research
on achievement. Seminar participants could—and did—disagree over the ad-
vantages of specific analytic procedures, but none questioned the essential value
of having and expanding the collection of longitudinal data. The recommenda-
tions for improving existing longitudinal studies centered on the inevitable
competing priorities for specific topics and survey questions, the frequency of
data collection, more stratified sampling plans, and the importance of
prekindergarten baseline measures, as well as a more structured process for
the design of all surveys. Dominic Brewer and Dan Goldhaber presented alist
of specific recommendationsthat also received support from Christopher Jencks;
indeed, most participants contributed recommendationsin this area.

One key issue in survey design was highlighted by an exchange from the
floor. Jeremy Finn suggested that a survey should focus on only six to twelve
well-specified constructs. Jencks countered that a government agency cannot
make such adraconian selection, becauseit isanswerable to many constituen-
cies. Jencks did suggest, though, that NCES could take a retrospective ook at
the actual uses made of particular variables and particular items, saying that
this kind of analysis would support the selective deletion of less productive
items from repeated surveys. This inductive procedure would be quite differ-
ent from the deductive one proposed by Finn, where a clear and bounded
conceptual framework would drive the construction of survey items. These
remarks reflect the reality that a large-scale survey qualifies both as research
and as a political undertaking, because the data ultimately are used for many
purposes. However, scientific constructs can improve the items devoted to re-
search issues and at the same time perhaps constrain the usually high demand
for items devoted to nonresearch issues.

An dlied issue is the discontinuation of past survey items in order to
include new items. From time to time during the day, a participant would sug-
gest ways of trimming the length of surveys by deleting specific items.
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Generally, another participant would swiftly object, arguing for the theoretical
or practical significance of those items. An example was the suggestion by
Brewer and Goldhaber that “school climate” measures could be substantially
reduced, which was followed by a rejoinder from Valerie Lee that these mea-
sures are integral to an assessment of school quality. Such disagreements over
items partly reflect the still unresolved disciplinary preferences for the impor-
tance of certain variables and modes of analysis. These disagreements suggest
that design teams should include researchers and scholars from different disci-
plinesinsofar asthey can engage in productive dialogue over these issuesfrom
their different perspectives.

Suggestions were al so made concerning the frequency and timing of col-
lecting longitudinal data. Collecting data each year rather than every two years
when following acohort through school was mentioned, but theincreased costs
or trade-offs with other survey design parameters would certainly need to be
considered. Meredith Phillips made a compelling case for shifting the annual
testing of students to testing in both fall and spring. Although burdensome in
implementation, this change would permit analysis and comparison of stu-
dents' learning trajectories during the regular school year and the summer. The
importance of this issue was demonstrated in Phillips’ analysis, which con-
firmsthat the test score gap between black and white students widened during
the summer time period. Her recommendation was echoed by Smith, Jencks,
and, from the floor, Adam Gamoran.

Recommendations were also made with respect to sampling strategies
relevant to classroom-within-school effects. Brewer and Goldhaber and Lee
supported nested samples with more students per classroom. Lee suggested
that more students per class could be efficiently traded off for fewer schoolsin
longitudinal samples. In addition, Brewer and Goldhaber, along with Ron
Ferguson and Jordana Brown, suggested sampling more teachers per school.
Realigtically, these changeswould increase costs and burden, but their endorse-
ment by researchers does suggest that these trade-offs should at least be given
serious consideration in the design of future samples.

Several presenters emphasized the desirability—as well as the chal-
lenges—of finding out “what teachers know.” Stephen Raudenbush mentioned
the importance of measuring teachers' subject matter preparation and content
knowledge in their assigned teaching fields. For Ferguson and Brown, teach-
ers scoreson testssuch asthe ACT are also important data, although Ferguson
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said that NCES should “ probably not” try to collect such dataitself, but should
instead play afacilitating and convening role with private sector organizations
that already collect such data. Brewer and Goldhaber suggested such possible
measures as administering a written assessment to teachers or asking princi-
pals to assess teacher quality.

Finally, David Grissmer and Ann Flanagan suggested that longitudinal
surveys need to begin at school entry in order to capture the variables needed
for accurate estimation of both short- and long-term effects in student learn-
ing. They suggest that production function methodologies that utilize only a
previoustest score asaproxy for earlier schooling variables are challenged by
the results of the Tennessee experiment. They observe that these results sug-
gest amultiyear effect from class size reductions, and these multiyear effects
cannot be controlled for by asingle-year previoustest score. Therefore, survey
resources should be shifted to earlier years, and the value of surveys started at
later grades would be diminished.

Improving NAEP Data

Datafrom the National Assessment of Educational Progress (NAEP) pro-
vide the only achievement data with representative samples of U.S. students.
NAEP has been administered to samples of studentsat ages 9, 13, and 17 since
1969 in severa subjects. While the trend results from these data have been
often used and cited in many studies, research explaining the trends is more
recent. The NAEP data remain the most reliable information for assessing the
changing gap between minority and white students, and also for facilitating
inquiriesinto the question of whether educational and social policies directed
toward minority and low-income families and students have raised student
achievement test scores. The expansion of NAEP, since 1990, to state samples
also provides the only comparative achievement scores across states with rep-
resentative sampleswithin each state. Several recommendationsfor improving
the NAEP data emerge from the research presented in the seminar.

Grissmer and Flanagan observe that the most serious weakness of NAEP
can befound in the student-reported family characteristics. They suggest imple-
menting a simple parental survey as one means of collecting better data.
However, they also suggest testing empirically whether student-reported sur-
rogate measures such as*“ booksin the home” can provide adequate substitutes
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for parent-collected data. They also suggest using state-level Census data to
supplement NAEP family data.

However, any significant addition to the NAEP data collection such as a
parent survey may have significant opportunity costs. Sylvia Johnson and Gary
Phillips mentioned the current press to speed up and simplify NAEP, pointing
out that thisworks against the more complex data collection that would permit
us, in Johnson’swords, to “ better understand the whys and hows of improving
student achievement.”

Johnson, as well as Grissmer and Flanagan, made the more radical sug-
gestion of changing the sampling plan from school samples to school district
samples. Several advantages might accrue from a district-based sample, al-
though the more complex sampling would increase costs. A district-based
samplewould allow comparing and expl aining achievement differences across
major urban school systems relative to smaller, more homogeneous suburban
districts. Urban school systems encompass a significant part of the nation’s
education problems, but we currently have no adeguate comparative measures
of performance across these urban systems. Johnson observed that the change
to school district sampling could help spur improvement in learning because it
would heighten public scrutiny of districts' results. However, if costs were
kept constant, such sampling would probably mean fewer students per school,
allowing more variance in measurement of school characteristics.

Recommendations for Changing Directions

Pointing to the near universal credibility enjoyed by Tennessee's experi-
ment with reduced class size, several presenters called for more experiments
(randomized field trials) to evaluate education programs. Deputy Secretary
Marshall Smith characterized the policy impact of the Tennessee experiment
as“instantaneous’ and “incredibly powerful in Congress.” Compared with con-
ventional surveys, he said, such experimental trials provide more robust and
probably more valid estimates of program effects. Also emphasizing the power
of experiments to communicate, Jencks credited experiments with producing
results that are easy to understand, saying “The structure of the argument is
intuitively obvious.” Grissmer and Flanagan argued that research consensusis
more likely to emerge when a well-designed, -implemented, and -analyzed
experiment has taken place and when the analysis can show little sensitivity to



304 Brenda J. Turnbull, David W. Grissmer, and J. Michael Ross

the inevitable deviations from ideal design specifications. Although
nonexperimental studies can be filtered through the scrutiny of meta-analysis
and expert panels, they observed that this process often does not lead to
CONsensus.

Recognizing the high costs and the limits of experiments, several speak-
ers also addressed strategies for accumulating evidence over time through a
series of inter-related investigations. Smith cited the studies related to the ac-
quisition of reading skills supported by the National Institute of Child Health
and Human Development (NICHD), which he described as “not a single ex-
periment, but a series of interlocking studiestesting hypotheses about reading.”
These studies enabled NICHD to “tell a very coherent story about reading,
with immense power” in policy circles, and thus they have paved the way for
the appropriations needed to further experimental studies. Jencks, in answer to
a question from the floor, endorsed the idea of embedding small experiments
within more conventional survey designs.

Deputy Secretary of Education Smith proposed several topicswhichwould
benefit from experimental investigations, each representing an area in which
thereisatheoretical and an evidentiary base upon which to design randomized
trials, aswell as strong policy interest:

[ After-school and summer programs. Therationa efor offering extended
learning timeis clear, but little or no good evidence is yet available on
the effects of well-designed programsthat provide students with a safe
environment and adult tutoring beyond the typical school day and year.

Ll Training in parenting skills. Such training could be combined with
adult education in an experimental trial.

] Education-focused preschool programs. Evidence now indicates that
children benefit from acquiring particular skills and concepts before
they enter school, such as knowing the alphabet, knowing that one reads
from left to right, knowing the concepts of before and after, up and
down, and the like. The effects of such instruction could be studied
experimentally.

[1 Research-based interventionsin school reform. David Cohen of the
University of Michigan is launching a magjor study of schoolwide
reforms. Hismethodsinvolve detailed survey and observational methods
rather than an experimental test of the policy that encourages schoolsto
implement well-specified programs under the guidance of outside
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experts. Despite the current enthusiasm for schoolwide reforms, they
have not been well studied in either education or business.

What could not be explored in much depth in the discussions, however,
was the place that experiments might occupy in an overall portfolio of support
for research and how decisions would be made concerning such a portfolio of
experiments. Jencks noted that the Tennessee experiment was launched by the
state of Tennessee without federal help, and the state of Wisconsin has also
initiated a quasi-experiment with student-teacher ratios. Both NCES and the
Office of Educational Research and Improvement (OERI) could face uphill
struggles, for somewhat different reasons, if they wereto try to sponsor experi-
ments. For astatistical agency to takethelead ininitiating an experiment would
be unusual and might jeopardize the stability of its role and mission, at least
according to some observers. A well-funded research agency can include ex-
perimentsinitsportfolio, but OERI currently lacksthe discretionary resources
to launch such costly investigations. This dilemma suggests the need for an
innovative federal -state partnership in the organization and implementation of
an experimental agenda.

Inthelast 10 years, state testing programs have become the major source
of achievement data in the nation. Virtually every state is now committed to
more frequent testing of its students statewide in avariety of subjects across a
variety of grades. Thelargest representative sample collected in national achieve-
ment data is approximately 25,000 students, and the largest state samples
collected by NCES (NAEP Trial State Assessment) usually test around 2,500
students per state. Samples for state-administered tests include nearly all stu-
dents with the exception of certain IEP (Individual Education Program) and
LEP (Limited English Proficient) students who are excluded, so sample sizes
can be over one million students in several states. National tests are typically
given every four years, while state testing often occurs on an annua basis
within certain grade ranges. Moreover, in some states, individual student scores
can be tracked across grades and linked to specific teachers, thereby allowing
even richer longitudinal and contextual analysis.

This explosion of achievement testing in many states suggests a new di-
rection for federal data collection effort; namely, using state achievement data
as a platform for research and experimentation. The McLaughlin and Drori
study provides an example of linking this state assessment data at the school
level with federal data such as the Schools and Staffing Survey (SASS). State
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achievement data can also be supplemented with state teacher data, more de-
tailed information on resources, and facility information. The Ferguson and
Brown analysisillustrates the power of linking these data with teacher charac-
teristicsand other dataavailablein Texas. Their paper drew from state databases
that permit analysis of teacher test performance in relation to student perfor-
mance at the district level in Texas. Ferguson recommended more such work,
but observed that NCES would not have to administer teststo teachersin order
to obtain data. Instead, Ferguson suggested that the federal government play a
more active role of leadership in convening and coordinating research efforts
with organizations such as Educational Testing Service (ETS) and perhapswith
state agencies through the exchange of data with appropriate protections for
individual confidentiality.

Yet the potential for a richer “universe” as sources of data may lie in
evaluating planned interventions and experimentation. Many statesalready have
many ongoing education reformsthat could be better eval uated with these data
sets. However, afederal leadership role would encourage both random assign-
ment of schools or districts by states in the initial phase of program
implementation and then the funding of high quality program eval uations con-
ducted by national experts.

Both controlled field trials and longitudinal studies are usually seen as
intrinsically complex and costly endeavors. However, such research can range
from small to large scale. Departing from the general endorsement of |oading
more complexity onto one large multipurpose study, Robert Hauser suggested
that an alternative would be the more frequent initiation of smaller longitudi-
nal studies, such astheWisconsin Longitudinal Study. Thesewould differ from
the “larger, one-time-only or once-per-decade surveys’ that have been cus-
tomary in education. He elaborated:

We ought to be initiating cohort surveys close to birth every
year—or every other year—as a means of improving our “who,
what, when?” understanding. Such surveys should be stratified by
ethnic origin, differentially sampled. And they should provide op-
portunity for experimentation with alternative test (and
questionnaire) content and observational designs, as well as for
core content stable enough to permit aggregation of findingsacross
cohortsto yield greater statistical power.
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Such small-scale but in-depth studies can lead to better model specifica-
tionsin larger studies, even if they are not totally representative of the entire
population. Hauser arguesthat it is hard to successfully model achievement in
large samples, until we understand more precisely the development of indi-
vidual studentsin different contexts. Such smaller scale studies, if focused on
testing the assumptions usually made in larger scale research studies, could
probably contribute significantly to the devel opment of more coherent research
findings.

Small-scale experiments are also possible, given that achievement data
are usually already collected across many different states. Different types of
interventions are occurring in schools, and early development models may be
easily turned toward at least a quasi-experimentation orientation in the early
stages of implementation. Universitiesin each state could become centers for
initiating intervention research and experimentation that builds on current as-
sessment data. In discussing research on existing databases, Ferguson and
Brown, based upon their experience in Texas and Alabama, emphasized the
value of working with researchers who are based in a state and have a long-
term career interest in working with that state’'s database. Again, the federal
role would be to convene researchers around a shared knowledge-building
agenda, rather than simply to supply data.

Communicating Research Results

The seminar’s recurring emphasis on the communication of new findings
often challenged conventional assumptions and served as a reminder that sta-
tistical and explanatory presentationsare anintegral part of more sophisticated
methods of data collection and advances in data analysis techniques. Further,
decisions about the specific form of apresentation can make adifferencein the
persuasive power and ultimate value of data and research for policymakers.

Smith described the power of the Tennessee experiment to influence
policymakers—a result Jencks attributed to the transparency of experimental
results. Jencks noted the quite different implications that are often communi-
cated by displaying aggregate achievement data versus the same data when it
is disaggregated into different demographic groups. For instance, the display
of aggregate NAEP trends has often been used to imply that no gains have
occurred in achievement over the last 25 years, while the display of minority
trends shows significant gains in achievement, at least up to 1988.
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Communicating nonexperimental results is more difficult due to the
nontransparency of the analysis. However, Raudenbush’s paper providesacom-
pelling example of how a display of nonexperimental results illustrates the
varying factorsrelated to achievement differences between states. The graphi-
cal display of achievement differences across states illustrates the differential
resources and opportunities across states. | n both previous and the current work,
Raudenbush has also advocated “value-added” models of achievement when
evaluation of schools or teachersisinvolved. Separating the impact of family
and socia capital from specific schooling effects is a part of being able to
effectively partition the components of achievement differencesand effectively
communicate results.

Some other participants also addressed the topic of communication.
Grissmer advocated more emphasis on support for professional consensus ac-
tivities through conferences, National Research Council panels, and the
preparation of edited booksfocused on specific topics.? Support for consensus
panels, which are common in health research, was expressed, the intent being
to provide a more formal basis to study, form consensus, and communicate
important research conclusions.

Concluding Remarks

Reviewing the seminar papersin their totality, we are encouraged by the
large and increasing amount of achievement data being collected—some lon-
gitudinal, some cross-sectional—and we are quite optimistic that some persistent
and perplexing research questions are now empirically answerable. Besides
the data collected by NAEP and the combination of main and State NAER, itis
now possible to determine the relative variations between states and between
schools within states. In addition, the research is now beginning to examinein
more detail the resource differences associated with these outcome measures.
In addition, some states have collected longitudinal databases at the student
level for all schools and districts, therefore permitting researchers to measure
grade-specific changesin student performance over their yearsin school. Many
of these new databases al so allow the statistical examination of multilevel fac-
tors (such as school - and district-level factors) and social context factors, where
the performance of certain types of students may be quite different depending

2 Examples of recent books include the following: Ladd 1996; Burtless 1996; Jencks and
Phillips 1998; Ladd, Chalk, and Hansen 1999; and Ladd, Chalk, and Hansen 2000.
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upon the social and racial composition of the school. On the horizon, datawill
be available for a new longitudinal cohort of students beginning in kindergar-
ten and extending through fifth grade, which are coupled with parent, teacher,
and administrator surveys;, these new data sets should fill in many gapsin our
knowledge concerning instructional practices and the relative importance of
family and out-of-school social factors. Finally, we are optimistic that, in the
near future, new governance arrangements will expand opportunities for state
and federal researchersto link and analyze new databases, thereby generating
more refined statistical estimates of these factors.

The accurate and valid measurement of student achievement and perfor-
mance will increase in importance over time. Not only is “testing” becoming
more “high stakes” in some states, but research on these issues is al'so becom-
ing “high stakes” For better or worse, student achievement is increasingly
being used to measure the effectiveness of schools in some states, as well as
the overall effectiveness of the resources committed to education change. The
federal government, state legislatures, and district policymakers increasingly
utilize the findings from this research to guide and justify their policies; and
research findings are commonly utilized in equity and adequacy lawsuits be-
ing pursued in many states. Likewise, the*quality of education” ranks near the
top of voters' concerns in national, state, and local elections; and, unfortu-
nately, candidatesfor public office are tempted to utilize achievement test scores
as evidence for the success or failure of new reform policies. Significant in-
creasesin educational spending areacommon part of the agendaof both political
parties, and these increases are now often linked to accountability for produc-
ing higher achievement.

Although the findings from education research are being cited and uti-
lized more frequently by policymakers, a wide range of inconsistent, and at
times contradictory, research results are often put forth. Researchers have many
different explanations for why findings are inconsistent. One explanation at-
tributes theinconsistency to the actual difference in the effects across different
contexts. This explanation trusts the modeling processto accurately estimate a
“real” effect, but expects the results to differ due to the different contexts. For
instance, two measurements of the effects of per pupil expenditure might dif-
fer because the money may be allocated more effectively in some cases, and
the inconsistency isinterpreted as reflecting a public school system that lacks
incentives to utilize money well.
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A second explanation attributes the inconsistent results to flaws in the
modeling process, and not to “real” differencesin effects. It assumes that the
inconsistent findings reflect imprecise modeling methods that do not fully re-
flect the complexity of the process being measured. Previous modelsarerarely
comparable, because different data sets are used with varying quality of data
or different model specifications or different estimation methods. In this case,
widely varied findings are interpreted as inconclusive, and conclusions are not
drawn from these models about the efficiency or effectiveness of school
systems.

Itisdifficult to determine how much of theinconsistency isduetoimpre-
cision in modeling versus real contextual variation in the actual effect when
we rely primarily on nonexperimental measurements, but several directions
for research can be helpful. Thefirst isto use similar model specifications and
estimation across a variety of large data sets to eliminate certain sources of
variance—different specifications and estimation methods.® A second direc-
tion is to utilize data sets with the most complete sets of variables to explore
the sensitivity of variable coefficients to less complete variable sets.* (For in-
stance, many databases contain few family background variables, often just
race-ethnicity and a measure of income obtained at one point in time, such as
qualifying for free and reduced price lunch. Data sets containing amuch richer
set of family resource variables can be used to explore which schooling vari-
ables are affected by less complete sets of family variables and how much
sensitivity exists.) A third direction isfor literature reviews to address directly
the question of why many findings differ across studiesrather than simply note
that findings are widely dispersed.> A fourth direction isto use different esti-
mation techni ques across the same data setswith similar variablesto determine
how sensitive these measures are to different estimation methods. A fifth di-
rection is to empirically test directly some of the major assumptions used in

8 One example of thisis Hedges and Nowell (1998). They fit models with similar family
variables across a variety of data sets that have achievement and family variables.

4 An example of thisis Goldhaber and Brewer (1997).

5 A recent example of thisis Krueger (1999). Krueger takes the findings from each study
used in Hanushek, Rivkin, and Taylor (1996) and tests whether the conclusions are
sensitive to the criteria used for measurement inclusion and level of aggregation. Other
examples include Greenwald, Hedges, and Laine (1996) and Hanushek (1996), where the
sensitivity of results to output measures, specification, time of publication, school level,
and level of aggregation are tested. Grissmer et al. (forthcoming) also try to explain the
pattern of different results of previous measurements by level of aggregation.
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nonexperimental analysis.® There are examplesin theliterature of each of these
five types of analysis, but there is not a coherent effort to improve our
nonexperimental analysis based upon these studies.

Focusing on why nonexperimental measurements produce different find-
ings and discovering the underlying hypothesis that explains the pattern of
variance can be helpful, but it isdoubtful whether research consensus can emerge
from this process alone. There are simply too many different possibilities that
might explain why nonexperimental measurements differ and current data sets
have significant limitations in their ability to support such analysis. However,
two complementary directions—experimentation and micro-process theory
building—may eventually provide decisive evidence that can explain the vari-
ance in nonexperimental analysis and lead to a convergence of evidence from
which scientific consensus can emerge. Well-designed, -implemented, and
-analyzed experimental datathat show little sensitivity to the inevitable devia-
tions from ideal design can serve two purposes. First, more reliable
measurements can serve as benchmarks for evaluating results from
nonexperimental models. Second, experimental data can serve to calibrate
nonexperimental models by identifying specifications and estimations that can
predict experimental results. Thus, experimental data can contribute to our un-
derstanding of why inconsistent findings exist in nonexperimental measurements
and why convergence between experimental and nonexperimental evidence
may eventually emerge.

Still, finding consistency across experimental and nhonexperimental evi-
dence leaves out one important element from which scientific consensus
develops. The power of theoriesisthat they can successfully explain past em-
pirical results and predict future empirical results and ultimately provide the
authority from which scientific consensus emerges. Theories that successfully
predict how teachers and students will change behavior in smaller classrooms,
and how that changed behavior leadsto higher achievement, and why there are
different behavior changesin classes with high and low SES begin to generate
the authority for consensus. The ultimate test, however, is for the theory to
generate new constructs and operational definitions and subsequently to pre-
dict their effects on achievement outcomes.

6 An example of thisis Heckmaan, Layne-Farrar, and Todd (1996).
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Theory building does not receive much emphasis in education research,
partly becauseit is difficult terrain to negotiate. Theory building is necessarily
multidisciplinary because the building blocks come from psychology, child
development, cognitive science, economics, and sociology. Further, it involves
human behavior as well as developmental processes. However, theory build-
ing can begin with much simpler goals, such as predicting how achievement
changes when resources or teachers change by linking changes in classroom
and home behavior when resources change. Successful theories are not only
an ultimate goal of good scientific research, but also can be very effective
communication tools since they tell “stories” of why resource changes affect
achievement.’

Theory development requires a coordinated research agenda and more
comprehensive data collections. The Tennessee class size experiment, with its
associated collection of classroom data, was a good beginning for the 1980s.
But this experiment could have collected better data aimed at explaining why
achievement was sustained after students left the smaller classesin later years
in school. What behavior or developmental pattern changed to sustain these
results through eighth grade, and why did those students in small classes for
only one to two years not sustain gains as compared to those in small classes
for threeto four years? More detailed classroom and home observations, more
information concerning peer and family relationships, and eventually brain
processing patterns in early and later grades for students in small and large
classes can help explain such effects, and provide the basisfor theory building.

Reflecting on the presentations, discussions during the seminar, and the
revised papersin this book, we are hopeful that the deliberations have enabled
federal researchersand other policymakersto take stock of innovative research,
and especially of achievement research, as areas of empirical inquiry. This
process of rethinking basic assumptions should facilitate new understandings
of where education research has been in the past and, more importantly, where
new challenging research opportunities may be presenting themselves in the
future. Thus, our effortsto ensure richer quality of information from our data
sources, improved methods of empirical inquiry, and more informative theory
building should be enhanced by an occasion when different groups come to-
gether to exchange ideas and present written summaries of their findings. It s,

7 See Educational Evaluation and Policy Analysis 20(2) (1999, summer) on class size for
an example of linking research together to support theory building.
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for example, gratifying to realize the abundance of data now available, com-
pared to the skimpy information prior to the publication of “the Coleman report”
in 1966. Further, it is encouraging to recognize the expanding applications to
education policy that are the results of utilizing federal and state data collec-
tions. For the diverse research community encompassed in the seminar,
intellectual challenges remain: fine-tuning existing data collection strategies,
exploring linkages and connections between federal and state data sources,
improvementsin specifications within statistical models, and building relevant
and useful theories of education processes. Thoughtful consideration of se-
lected recommendations contained in thisreport should |ead to amore coherent
and productive research agenda for federal statistical agencies and state re-
search organizations; to promising partnerships between these researchers and
independent entities such as ETS; and eventually to an expansion of knowl-
edge that facilitates and promotes student learning in schools.
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